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ABSTRACT

MULTISCALE CONNECTIONS BETWEEN A GROUNDWATER DEPENDENT

ECOSYSTEM AND SOCIO-HYDROLOGY: INSIGHT GAINED FROM NUMERICAL

MODELING, GEOSPATIAL INFORMATICS, AND BAYESIAN STATISTICS

The connectivity between floodplain practices and groundwater dependent ecosystems (GDE)

is undeniable, yet difficult to measure. Quantifying the connection between ecosystems would be

ideal for the conjunctive management of groundwater and surface water resources in an irrigated

river valley. In the research presented, a variety of methodologies are used to understand the

socio-hydrologic connections between a semi-arid GDE and agro-pastoral practices in southeastern

Colorado (USA).

I investigated the socio-hydrologic relationships between a GDE and the surrounding flood-

plain using three approaches. First, I used the output from a calibrated groundwater model and a

remote sensing evapotranspiration (ET) algorithm with exploratory statistics. Second, I used re-

motely sensed vegetation information and socio-hydrologic data in a Bayesian hierarchical time

series and spatial statistics models to compliment the first approach by examining new explanatory

covariates. Third, a simple regression framework examines the point-scale relationship between

groundwater and ET to further dissect results from the first approach at a finer resolution. These

three approaches yielded key results.

From the first objective, the dual-model comparison agreed with previous ecological research

showing a non-linear relationship between ET and groundwater depth (0-5 m), and a threshold

was identified at three meters where the rate between ET and groundwater depth change. The time

series and spatial statistics objective helped identify a spatial scale threshold to detect temporal

trend, lagged intra-seasonal predictors of vegetation water use, and which floodplain characteristics

impact vegetation density. This statistical analysis discovered that temporal trend is not detectable

ii



at spatial scales larger than catchment size (> 10 km). Monthly temperature and lagged monthly

values of precipitation and stream gain-loss (i.e., an return flow indicator variable) are all predictive

of temporal changes in riparian vegetation density. Based on the floodplain characteristics tested

in the spatial statistics approach, perennial tributaries to the Arkansas River increase vegetation

density while the conversion of agriculture to fallow land decrease riparian vegetation density.

The third objective highlighted that the process between evapotranspiration and groundwater head

is non-linear but depends on temporal scale and plant functional group. The results from these

approaches is important for GDE preservation in the face of increasing demand on groundwater

supply. The process between groundwater and ET is of particular importance in large scale water

balance studies that include a groundwater and surface water interface with need to model the

groundwater-ET relationship in natural and agricultural ecosystems simultaneously.
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Chapter 1

General Introduction

1.1 Motivation

In the Earth’s hydrosphere, competition for beneficial uses (e.g., agriculture, energy, and ecosys-

tem services) is recognized as probably the largest issue facing humanity in a changing climate [1].

There are numerous rivers in the world categorized as Endangered Rivers that supply water to

millions of people [2]. These river-aquifer-ecologic systems are rigidly connected and are under

serious threat from groundwater extraction, pollution and climate change [3]. Recently, evidence

of spatial patterns of stream flow losses have been observed in the contiguous United States [4].

The disappearance of surface water supplies will accelerate the need for groundwater extraction to

meet future demands which will lead to dysfunction in natural ecosystem services. Groundwater

resources are therefore under threat of development, and there is an urgent need to understand how

groundwater supply is linked to groundwater dependent terrestrial ecosystems, and how the health

of these ecosystems are controlled by the resources of Endangered Rivers.

1.2 Background

A background understanding is presented herein to highlight key concepts of this research. A

commonality between Chapters 2, 3, and 4 is quantitatively describing the connection between

a groundwater dependent ecosystem (GDE) and the surrounding floodplain in southeastern Col-

orado. Therefore, background on GDEs in arid climates and the socio-hydrologic connections

between floodplains and GDEs is described.

Groundwater dependent ecosystems are ecosystems that depend on groundwater to satisfy a

percentage of their water use requirements [5,6]. Groundwater dependent ecosystems span a range

of types such as springs, karst systems, rivers and lakes and can be found in coastal and inland

environments. In this research, I focus on low gradient inland GDEs that are also described as
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riparian ecosystems. GDEs are well known and have been studied in China [7], Australia [3, 8, 9],

Europe [10, 11], and across the western United States [5, 12–14]. In the arid western part of the

United States, GDEs can play a key role in sustainably managing interconnected groundwater

and surface water systems in irrigated agricultural regions. Vegetation water use, derived from

groundwater or another source, can be quantified using field data, numerical modeling, and satellite

imagery [15–18]. More specifically, GDE evapotranspiration, an indicator of ecosystem function,

is commonly measured using satellite-derived reflectances in unison with gridded and point based

micrometeorological data [19–21]. Evapotranspiration from a GDE that is positioned between a

river and an agroecosystem has inherent socio-hydrologic connections.

The main pathway by which there are socio-hydrologic connections to a groundwater depen-

dent ecosystem is described herein. Historically, alluvial river valleys would irrigate crops us-

ing flood and furrow techniques in which excess water, not consumed by the crop or evaporated,

would infiltrate the soil and recharge groundwater [22]. This irrigation-induced recharge will move

through the aquifer and eventually feed a surface-water body [23]. To reduce the amount of water

applied for the same crop yield, advanced irrigation technologies have been adopted (flood-furrow

to center-pivot) which can reduce groundwater recharge and alter groundwater availability for ri-

parian vegetation [24]. In many Colorado watersheds, especially within the Lower Arkansas River

watershed in southeastern Colorado, irrigated agriculture is the most significant water user [25].

The connection between floodplain activity and riparian flora through return flow is an area of hy-

drologic science that deserves increased attention. Because GDEs have complex spatio-temporal

dependence structures when compared to agroecosystems, these ecosystems are often neglected

in large-scale water-balance studies [26]. There is need to further understand the relationship be-

tween floodplain activity and GDEs because they are connected through hydrologic exchange flows

which are of primary concern in water conservation strategies in irrigated alluvial valleys [25, 27].

This research narrows the knowledge gap found in GDE and groundwater-agriculture research.

Comprehensive GDE literature and key research on irrigated alluvial valleys in Colorado and Cal-

ifornia present gaps that this work aims to advance. Specifically, there are two key reviews that
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summarize new research directions for GDEs. A review into GDE water-vegetation interactions

concluded that among several topics to advance GDE research, knowledge gaps include how water

is used by different vegetation types and the role of GDEs in floodplain management [19]. Even

further, understanding how hydrologic exchange flows impact different vegetation communities is

an understudied area. Another review indicated that examining vegetation adaptation to differences

in water supply are worthy directions for GDE research [28]. Regarding irrigated alluvial valleys,

Foglia et al. (2013) highlights the importance of field monitoring efforts to better understand site-

specific groundwater-stream interactions [29]. Because of these gaps, the research I performed

focuses on vegetation water use in GDEs and how the patterns of water use are connected to the

surrounding floodplain. The research performed in Chapters 2, 3, and 4 aim to fill these knowledge

gaps using the Arkansas River in southeastern Colorado as a primary study area.

1.3 Overview of Chapters

The research presented herein focuses on groundwater dependent ecosystems through two ma-

jor lenses: 1) the relationship between evapotranspiration and groundwater depth, and 2) the socio-

hydrologic connections between an agroecosystem and a riparian ecosystem. This research is di-

vided into three approaches that differ upon scale. Common hydrologic definitions for scale as

proposed by Blöschl and Sivapalan (1995) are adopted [30]. The three approaches are summarized

in the following bulleted list:

• Catchment-scale (10 km) relationships between riparian evapotranspiration and groundwater

are analyzed in time and space using output from a finite difference groundwater model and

a satellite based evapotranspiration algorithm.

• Reach-scale (100 m) relationships between riparian vegetation and socio-hydrologic charac-

teristics are quantified using hydrologic data and satellite imagery and are examined using

independent, autoregressive space and time Bayesian linear models.

3



• Point-scale (1 m) function of best fit is derived between normalized evapotranspiration and

groundwater using a Bayesian regression framework.

The drivers of GDE water use should be examined further. Specifically, the three scientific

approaches used in this research will help water and land managers see the influence that agroe-

cosystems have on GDEs. This type of research can improve management implementation of con-

junctive use schemes that include the interface between groundwater and surface water [29]. This

research provides ecosystem-variable thresholds important for ecosystem conservation, temporal

and spatial statistics that describe the groundwater-agriculture nexus, and how the mechanistic

process between evapotranspiration and groundwater varies upon vegetation type.
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Chapter 2

Catchment-Scale Relationship Between Riparian

Evapotranspiration and Groundwater

2.1 Introduction

The revolving relationship between anthropogenically-influenced groundwater depth and ri-

parian evapotranspiration (ET), especially in arid climates, is a unique aspect of ecohydrology that

entangles social dimensions and natural-ecosystem research [31]. Riparian flora supports stream

and sediment stabilization [32], ecosystem function [33], and removal of agricultural contami-

nants [34, 35]. Quantifiable relationships between vegetation and water table depth, Dwt, can

inform current and future numerical models [36] that include riparian-ecosystem complexity. For

example, the U.S. Geological Survey’s (USGS) modular hydrologic model MODFLOW employs

a traditional linear response of ET to groundwater head while the Evapotranspiration Segments

Package and the Riparian Evapotranspiration Package provide a more complex way of simulating

ET in MODFLOW as a function of groundwater supply [37]. Riparian ET remains an elusive com-

ponent of water-balance studies due to its complex connection with groundwater at various time

scales ranging from daily hyporheic-zone fluctuations to annually-consistent regional flow [19],

which allow the vegetation to optimize its potential for success by adapting to groundwater lev-

els [28]. With the help of independent data sets from a calibrated finite-difference model simulation

and validated remote-sensing methods, additional insight into modeling riparian ET at varying

spatio-temporal scales can provide information to improve the body of knowledge surrounding

groundwater-dependent ecosystems [28].

There are numerous models for efficient and reliable estimation of ET using remotely-sensed

data, such as the Surface Energy Balance for Land (SEBAL) [38], Remote Sensing of ET (Re-

SET) [39], and Mapping ET at high Resolution with Internalized Calibration (METRIC) [16],
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which have focused on cropped landscapes. Natural ecosystem ET has also been investigated using

several techniques [40–43] that vary in input data, spatial resolution, and recommended applica-

bility. Although all of the latest remotely-sensed ET models are unique, they each are inherently

more or less a self-operating scatterplot method. Included in the list of validated models applied to

agriculture is the Operational Simplified Surface Energy Balance model (SSEBop) [44] which is an

automated method to produce ET on the day of satellite overpass. The SSEBop model approaches

the surface energy balance in a simplistic way relative to SEBAL and METRIC’s algorithms, yet it

is appropriately generalized to apply in natural ecosystems adjacent to agricultural areas. The SSE-

Bop algorithm uses changes in land surface temperature and reference ET as the model forcings

that support changes in ET. The validated model operates under the premise that colder land surface

temperatures represent areas of increased ET relative to warmer surface temperatures, much like

an automated-intelligent scatterplot method [45]. Presently, the SSEBop approach has been ap-

plied using varying temporal scales with different Landsat sensors, which have the spatio-temporal

resolution required to capture riparian lifecycles [46, 47].

Previous studies have estimated remotely-sensed riparian water use along the Colorado River

[48, 49], the Rio Grande River [42], the Verde River [50], and the San Pedro River [51], all of

which supply water to irrigation districts with economic significance. The Arkansas River is an

equally important water source that suffers from a similar non-native species invasion of riparian

ground but lacks a competing amount of ET estimates [26].

Similar to many irrigated basins, groundwater levels in the Arkansas River valley, including

within the riparian ecosystem along the river, are influenced by agricultural irrigation. The size and

timing of return flows can be modified both by varying hydrologic conditions and by watershed

managers in areas with excess or inefficient irrigation practices [52], and changes in return flows

could subsequently impact riparian water use. Irrigation-influenced return flows can provide a

considerable amount of water to surface water bodies, and studies have been performed to quantify

return flows [22,53,54] and patterns of return flows using data-supported computational modelling

[52, 55]. A groundwater model, which utilizes MODFLOW, developed by Morway et al. (2013)
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and refined by Shultz et al. (2018a) is employed in this study. The MODFLOW model was

developed to investigate the dependencies of regional water table elevations and groundwater flow

to management decisions aimed at water conservation, agricultural production, and maintaining

aquatic ecosystems. Riparian ET, root-extinction depth, and agricultural return flows are highly

researched topics, and connecting them using a calibrated groundwater model and remotely-sensed

ET can inform how floodplain activity impacts the adjacent ecosystem.

For the research presented, I have seized a unique opportunity to investigate the temporal rela-

tionships between datasets of groundwater levels from a finite-difference groundwater model and

ET calculations from a validated remote-sensing ET algorithm. The main objective of this study

is to statistically compare Dwt from a highly-calibrated regional groundwater model, which spans

over a decade of hydrologically variable years, to the magnitude of SSEBop-calculated ET in ar-

eas with different groundwater-fluctuating patterns. Investigations of this scale will further the

understanding of complex interactions between riparian water use and groundwater as influenced

by both natural hydrology and water management.

2.2 Methods

2.2.1 Study Site

The riparian corridor targeted in this study lies within Colorado’s Lower Arkansas River Valley

(LARV), extending eastward of Manzanola, Colorado (CO) (Figure 2.1), following the Arkansas

River to the Adobe Creek tributary near Las Animas, CO. The LARV is semi-arid where evapo-

ration exceeds precipitation as defined by the Ecoregions of North America map [56]. The areal

coverage of the riparian corridor within the study area, including the surface area of the Arkansas

River, is 38.5 km2, with good hydraulic connection between the alluvium and the river [52]. The

Colorado Climate Center manages micrometeorological data collected at Colorado Agricultural

Meteorological (CoAgMet) (CoAgMet) stations throughout the state. The nearest CoAgMet sta-

tion (RFD01) is located 4.0 km southeast of Rocky Ford at the Colorado State University (CSU)

Arkansas Valley Research Center (AVRC), and began collecting data in 1992. The RFD01 sta-
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tion data are utilized for the analysis given the proximity to the riparian corridor and the longevity

in data collection. As recorded by the RFD01 station using a Campbell Scientific tipping-bucket

data logger, the 11-year average annual rainfall in nearby Rocky Ford, CO, from 1999 to 2009 is

249 mm. The lowest annual rainfall was recorded in 2002 at 72 mm and the highest was in 2004

at 352 mm. During the period of analysis, April 1999 – October 2009, the highest one-month

rainfall record was recorded in August 2008 at 110 mm and in April 1999 at 103 mm. Parameter-

elevation Regressions on Independent Slopes Model (PRISM) data, along with data from the Na-

tional Weather Service Cooperative Observer Network (COOP), are compiled into an interactive

online database, Westwide Drought Tracker, which indicates that the Upper Arkansas Hydrologic

Unit (HUC: 11020002), where the study area resides, experienced above normal annual rainfall

totals in 1999, 2000, 2005, and 2007 (https://wrcc.dri.edu/wwdt/). Westwide Drought Tracker in-

dicated below average conditions for the other seven years of the study period, including the years

2002 and 2003 which were two of the driest years on record for the southeast region of Colorado

and much of the state. Normal conditions are based on monthly averages estimated for the HUC

since 1895 to present. Because rainfall is minimal, surface water diversions and pumped ground-

water are used to support agricultural production. Irrigation in the LARV is practiced mostly by

flood and furrow, with a smaller percentage of fields using sprinklers and drip lines [57].

The riparian corridor, within the study region, extends approximately 70-km along the Arkansas

River, as shown in Figure 2.1. In this semi-arid region of southeastern Colorado, extents of the

riparian corridor are determined with visual inspection of satellite imagery for vegetation and

changes in surficial geology. The river’s edge is delineated by visual inspection of the green-line

width [58]. Historical cropping patterns in the LARV were delineated from naturally-vegetated ar-

eas using the National Land Cover Database 2004 dataset, downloaded from the Multi-Resolution

Land Characteristics Consortium (https://www.mrlc.gov/), with knowledge of past irrigation-district

extent. Per the NLCD-2004 data set, the riparian corridor is comprised of about 47 percent emer-

gent herbaceous wetlands, 17 percent woody wetlands, 14 percent grassland/herbaceous, 11 per-

cent open water, 6 percent shrub/scrub, with the remaining 5 percent disbursed among land classes
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Figure 2.1: Location map of the study area including groundwater model boundary, riparian delineation,
and an outline of the Arkansas River.

overlaying canals and livestock practices. Historically, the riparian flora along the Arkansas River

were comprised of various types of river birch, shrublands and cottonwoods [59]. More recently,

Colorado’s Lower Arkansas River basin has been impacted by the spread of salt cedar and Russian

olive [59].

2.2.2 Groundwater Data and Analysis

The MODFLOW model employed in this study overlaps 506 square kilometers of land area

and employs 15,600 active computational grid cells with areal dimensions 250 m x 250 m and

two vertical layers. The model simulates 574 weeks of unconfined groundwater level and flow in

three dimensions using a finite-difference approximation of the governing equations of unconfined

aquifer flow. The model incorporates the UZF module for computing unsaturated-zone water con-

tent and vertical flow using a simplification of the Richard’s equation and an estimation of upflux

from shallow groundwater as a function of Dwt, for the time frame April 1999 through October
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2009. Observations from approximately 100 monitoring wells and estimates of return flows from

a river water balance were used, along with other data sets, to calibrate and test the model. The

simulated groundwater data used in this study consisted of weekly hydraulic head values from

1999-2009. The weekly output of hydraulic head was aggregated to a weighted-average monthly

value per model cell. Using the number of weeks of output that occur within a month, typically

five or six, each weekly matrix of hydraulic head was multiplied by the number of days it repre-

sented in a particular month (1-7 days) and the sum of the weekly scaled values were divided by

the total number of days within a given month. Monthly values of Dwt were then computed as the

weighted-average hydraulic head subtracted from the land surface elevation used in the ground-

water model. The groundwater model data used in this study to generate average monthly Dwt

values are presented in Morway et al. (2013), Gates et al. (2016), and Shultz et al. (2018a), which

describe in detail the groundwater model built for the LARV and the supporting field data, includ-

ing crop and irrigation data. Readers can refer to Morway et al. (2013) and Shultz et al. (2018a,

2018b) for specific information on the model’s development, testing, and application.

2.2.3 Other Datasets

The application of SSEBop in this study required numerous geo-processing steps and subse-

quent testing with independent data sets. The annual numbers of satellite images used to calcu-

late SSEBop ET are shown in Table 2.1. Before using the satellite images in the SSEBop algo-

rithm, each image was inspected for cloud contamination using the USGS Earth Explorer website

(http://earthexplorer.usgs.gov/). Satellite images used in the analysis had cloud cover less than

10 percent and went through a secondary filter to eliminate those not fit for the ET algorithm

due to either cloud or ice coverage, as described in detail in Senay et al. (2017). The Land-

sat 7 scan line corrector failed in 2003; hence, the corresponding missing values are left as not

available (NA) on the day of the satellite pass and removed from any further analysis. The cell

location found in error was not used to calculate monthly sums of SSEBop ET or for any sub-

sequent analysis after. Land surface temperature (Ts) was computed using band 6 from Landsat

10



5 and 7 data following the same methodology outlined in Senay et al. (2016). Two gridded

inputs to the SSEBop algorithm are the daily alfalfa reference ET (ETr), available from grid-

MET (http://www.climatologylab.org/gridmet.html), and daily maximum and minimum air tem-

perature (Ta), used directly in the computation of net radiation (Rn) and air density (ρa), available

from TopoWx (https://www.ntsg.umt.edu/project/topowx.php). Alfalfa reference ET from grid-

MET (gridMET ETr), is calculated using the ASCE Penman-Montieth method (ASCE-PM) [60].

TopoWx provides gridded temperature with high spatial resolution across the conterminous United

States based on numerous validated data sets from station observations and satellite data.

Table 2.1: Annual number of Landsat images used to calculate SSEBop ET.

Year Landsat 5 Landsat 7 Total

1999 14 7 21
2000 7 10 17
2001 11 7 18
2002 8 9 17
2003 15 9 24
2004 9 9 18
2005 11 10 21
2006 13 9 22
2007 9 11 20
2008 9 15 24
2009 13 9 22

Total 119 105 224

Estimates of ET calculated using micrometeorological station data, along with local measure-

ments of ET using a nearby weighing lysimeter, were compared to SSEBop ET estimates. The

COAgMet RFD01 station data are utilized for the analysis. Data downloaded from RFD01 con-

sisted of daily totals and averages of ETr, rainfall, solar radiation and mean air temperature. The

standardized ET equation used by CoAgMet for estimating a ETr is also the ASCE-PM equation.

Al Wahaibi (2011) tested the ASCE-PM ETr equation against precise measurement of the ET of
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alfalfa in a weighing lysimeter (3 m x 3 m x 2.4 m) at the CSU AVRC. The weighing lysimeter be-

gan operating in 2007 and alfalfa was harvested four times in the 2008 and 2009 growing seasons.

As reported in Al Wahaibi (2011), deficit soil moisture conditions were experienced for the entire

2008 growing season and until June 8, 2009 (DOY 159) with average daily lysimeter ETr for 2009

at 6.0 mm/day. Lysimeter estimated ET is referred to as Lysimeter ETr in this analysis because

it represents fully-irrigated alfalfa water use that was measured on an hourly basis by precisely

monitoring the change in mass, with daily values calculated from a water balance accounting of

precipitation, irrigation, and change in storage. Drainage is also a component of the water balance

but is negligible during the period of study [61]. Using the aforementioned lysimeter, the lysimeter

construction and previous experimentation has been described in literature [62, 63].

2.2.4 SSEBop ET Calculations

The ET model used in this study is an operationalized version of the original SSEB model [64]

that circumvents the issue of requiring the model user to select “hot” and “cold” pixels. This en-

hancement of the SSEBop algorithm is synonymous with removing manual selection of physical

boundaries represented by scatterplot methods, in which ranges of a vegetation index and corre-

sponding land-surface temperature, per pixel, are plotted in an x-y scatterplot fashion to display the

biophysical gradient (e.g. “hot” and “cold” cells) across a given satellite scene. Scatterplot meth-

ods are explained in detail by Petropoulos et al. (2009). Previous literature has justified the use of

“hot” and “cold” cell remote-sensing applications in semi-arid regions, allowing for the implemen-

tation of SSEBop in southeastern Colorado to be an appropriate experiment to build knowledge on

natural ecosystem water use [65]. The application of SSEBop in this research closely follows that

of previous efforts by Senay et al. (2013, 2016, 2017). Although an overview of the SSEBop

model is provided here, readers are referred to the above references for further explanation. The

SSEBop model is driven by available net radiation and advective forces that determine ETr, and

the differences in land surface temperature are intended to capture the range of ET occurring over

a land surface. Unlike most applications of SSEBop, alfalfa ETr is used here to better represent the
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rougher vegetation found in riparian corridors, thus precluding the need for a scaling k factor:

SSEBop ET = ETf × ETr, (2.1)

ETf in Eq. (2.1) is the ET fraction calculated as (2.1)

ETf =
Th − Ts

∆T
=

Tc +∆T − Ts

∆T
= 1−

Ts − Tc

∆T
(2.2)

where Ts (oK) is the satellite-observed land surface temperature of a pixel; Th (oK) is the estimated

Ts at the idealized “hot” pixel boundary; and Tc (oK) is the estimated Ts at the idealized “cold”

boundary. The temperature difference between hot and cold pixels, ∆T (oK), is defined as [44]

∆T =
Rnrah
ρaCp

(2.3)

where Rn is daily average clear-sky radiation (J m−2 s−1); rah is the aerodynamic resistance to heat

transfer, chosen as 110 s m−1 to remain consistent with past SSEBop implementations that track

relative changes in ET [44]; ρa is the density of air (kg m−3); and Cp is the specific heat capacity of

air at constant pressure (1.013 kJ kg−1 K−1). Consistent with Senay et al. (2016), this study uses a

value of 1.05 as the maximum for ETf, negative ETf values are set to zero, and cloud-contaminated

pixels are set to “no-data”.

The value of Tc at cold boundary pixels is calculated using the methodology found in Senay

et al. (2017) and are derived from Ta. The model assumes that for well-watered vegetation, with

ET occurring at a rate no less than allowed by micrometeorology, Tc will equal Ta. The factor c

= Ts/Ta is uniquely defined for each Landsat image, following an image-filtering process shown

in Senay et al. (2017), to highlight the wet/cold cells in the satellite image. In summary, the

image-filtering process chooses pixels with increased potential to evapotranspire, relative to other

pixels within a Landsat scene, by using the normalized difference vegetation index (NDVI) as

a “greenness” indicator and by removing cells with unrealistic temperature differences, usually
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caused by clouds or snow. When an image fails to meet the conditions required to develop a c

factor correction, the satellite scene is not used in the analysis. In order to screen each Landsat

image for the presence of clouds and cloud shadows, the Function of Mask algorithm is applied

in a programmed manner [66]. Datasets integral to the SSEBop algorithm and post-processing

analysis are summarized in Table 2.2.

Table 2.2: Summary description of data sets used in this study.

No. Source Variables Frequency Resolution

1 Landsat 5 Surface Temp. and NDVI 16 days 30 m
2 Landsat 7 Surface Temp. and NDVI 16 days 30 m
3 TopoWx Air Temp. and Net Radiation Daily 800 m
4 Mapzen Elevation – 30 m
5 gridMET Ref. ET Daily 4 km
6 CoAgMet Precip., Alfalfa ETr, Air Temp., Net Rad. Daily Point
7 Al Wahaibi (2011) Lysimeter ET Daily 3 m × 3 m

Our area of study lies completely within a single Landsat image (path 32, row 34); therefore,

SSEBop processing did not require creating mosaics from multiple scenes. Computed SSEBop

ET pixels overlaying the Arkansas River were removed from the analysis portion of the study as

this analysis is not concerned with changes in surface water evaporation. Landsat images have a

frequency of 16 days between satellite overpass. Including two satellite sensors for the SSEBop

application allows the satellite overpass frequency to increase to every eight days, which usually

takes place between May and September. The SSEBop model provides daily ET on the days of

satellite overpass with a spatial resolution of 30 m x 30 m. Daily SSEBop ET can be summed to any

cumulative value by linearly interpolating the ETf value between two satellite image dates. Linear

interpolation yields a specific ETf value, which can be multiplied by the daily ETr to produce

SSEBop ET for any day of the year. This procedure follows the methodology in Senay et al.

(2017).
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2.2.5 Analysis of ET-groundwater depth relationships

For this investigation, daily values of SSEBop ET are summed to monthly totals and com-

pared to average-monthly computed Dwt, unless explicitly noted. Monthly sums of SSEBop ET

were chosen as the best temporal discretization to relate to the groundwater-model output for two

reasons: 1) the finest temporal discretization from the MODFLOW model is weekly and 2) esti-

mations of SSEBop ET are typically reported as summations beyond daily time scales to decrease

systematic errors. Spatially, there are more simulated estimates of SSEBop ET when compared to

the corresponding values of Dwt. A 1:1 relationship between pixel-based SSEBop ET and pixel-

based Dwt is achieved by taking the arithmetic mean of a group of ET-pixel centroids that lie within

the spatial extents of a MODFLOW grid cell, all within the areal extent of the riparian corridor with

heterogeneous vegetation types. Spatial-averaging is conducted to reduce noise in the ET data set

when there is more than one land cover type per 250 m by 250 m MODFLOW grid cell. For the

temporal analysis, a spatial average of all values of SSEBop ET is computed to generate one value

of riparian ET per month in a given year.

Spearman rank correlation, ρ, was used to investigate the relationship between the groundwater

and ET datasets. Spearman ρ was calculated for pairs of SSEBop ET and Dwt across 757 grid cells

and between the months March–October of the crop growing season in the wet year 1999 and for

pairs across 600 cells and over the growing season in the dry year 2003. The difference in pixel

counts between years is likely due to the introduction of Landsat 7 into the 2003 analysis when it

began having missing cell values. A few values of Dwt that were above the land surface elevation

(i.e. negative) were assumed to be model computational errors in an attempt to simulate saturated

conditions. These values were set to zero before any statistics were calculated. The mid-rank of the

sample set was applied to tied ranks [67]. Values of ρ range between -1, which indicates a perfect

inverse correlation (e.g. increasing ET with decreasing Dwt), to 1, which indicates a perfect direct

correlation (e.g. increasing ET with increasing Dwt).

Values of ρ also were calculated for each individual MODFLOW grid cell using eight pairs of

ET and Dwt available for that cell, corresponding to the eight months March–October of the crop
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growing season for each of the years 1999 (718 cells) and 2003 (590 cells). The cell-based ρ values

lack a large sample size but they inherently contain spatial information about the Dwt - SSEBop

ET relationship that the monthly estimates do not show. The spatial frequency distribution of these

cell-wise ρ values, computed for all of the grid cells that contain a data pair for eight consecutive

months, were estimated for the growing seasons of 1999 and 2003. Though statistical significance

(α = 0.05) could not be established for the cell-wise ρ values due to the use of only eight monthly-

data pairs for each grid cell, they allow for an initial exploration into the degree of spatial variability

in the relationship between SSEBop ET and Dwt.

2.3 Results

2.3.1 Riparian ET and local micrometeorological conditions

Calculated values of monthly riparian SSEBop ET are found smaller in years with more rain-

fall, and SSEBop ET values are similar to local micrometeorological station ET data (Figure 2.2).

As shown in Figure 2.2, the highest SSEBop ET monthly total of 297 mm occurred in July 2003

with a measured CoAgMET ETr of 289 mm and 12 mm of rainfall. Maximum ETr was observed

in June 2002 at 356 mm with a corresponding SSEBop ET of 286 mm and 14 mm of rainfall.

Minimum monthly SSEBop ET was computed for December 1999 at 49.7 mm, although mini-

mum CoAgMET ETr occurred in January 2007 at 33.1 mm; but these results were not typical of

all years. Wintertime estimates of riparian SSEBop ET are less reliable due to decreased imagery

availability and can be summarized as primarily an evaporation estimate given that the riparian

vegetation has an annual lifecycle. The largest values of riparian SSEBop ET occurred in June

for approximately half of the growing seasons included in the analysis. Values in June 1999 (263

mm), May 2004 (258 mm), July 2007 (256 mm), and July 2009 (249 mm) rank the lowest among

peak monthly rates. Average monthly temperature recorded by CoAgMET’s RFD01 station shows

maximum average monthly Ta (26.8oC) occurred in July 2003, which corresponds to the maximum

monthly SSEBop ET computed during the 11-year analysis. Table 2.3 provides a summary of the

values for relevant datasets over the entire period of analysis.
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Table 2.3: Summary of maximum CoAgMET ETr with selected climatic variables and months of occur-
rence; minimum Dwt computed by MODFLOW; maximum gridMET ETr; and maximum spatially averaged
riparian SSEBop ET and month of occurrence.

CoAgMET MODFLOW gridMET SSEBop

Year ETr (mm) Rainfall (mm) Air Temp. (◦C) Min. Dwt (m) ETr (mm) ET (mm)

1999 312.8, Jun. 102.9, Apr. 24.8, Jul. 1.84, May 259, Aug. 263, Jun.
2000 279.3, Jun. 54.9, Mar. 25.1, Jul. 2.13, May 278, Jun. 283, Jun.
2001 296.5, Jun. 92.5, May 25.8, Jul. 3.03, Jan. 285, Jul. 278, Jun.
2002 356.1, Jun. 14.5, Jun. 25.9, Jul. 3.20, Jan. 290, Jun. 286, Jun.
2003 288.9, Jul. 52.6, Apr. 26.8, Jul. 3.20, Jun. 295, Aug. 297, Jul.
2004 267.9, May 91.4, Apr. 22.6, Jul. 3.32, Jun. 275, May 258, May
2005 293.7, Jun. 51.3, Aug. 25.4, Jul. 3.25, Jul 287, Aug. 282, Jul.
2006 301.4, Jun. 92.2, Aug. 25.0, Jul. 3.10, Dec. 278, Jul. 293, Jun.
2007 240.2, Jun. 75.9, Jun. 24.7, Aug. 2.80, Jul. 260, Jul. 257, Jul.
2008 276.4, May 110.5, Jun. 24.7, Jul. 2.48, Nov. 295, Aug. 277, Jun.
2009 237.5, May 67.1, Oct. 23.1, Jul. 1.75, Feb. 275, Jul. 249, Jul.

The weighing lysimeter at the CSU AVRC provides a unique opportunity to evaluate simulated

versus measured ET. Daily SSEBop ET estimates, calculated on days of satellite overpass in 2009

for the 100 m x 100 m pixel containing the weighing lysimeter, are compared to daily measure-

ments of alfalfa ETr in the lysimeter, as shown in Figure 2.3. There is a statistically significant

(α = 0.05) moderate linear relationship between SSEBop ET and lysimeter ETr (R2=0.59). Daily

SSEBop ET compared to lysimeter ETr in 2009 has a mean absolute error (MAE) of 1.20 mm/d

and a root-mean-square error (RMSE) of 1.74 mm/d.

As described earlier, the SSEBop algorithm employs gridMET ETr, estimated using surface

meteorological data and interpolated to the nearest 4-km grid, in computing ET using Eq. (2.1)

– (2.3). Climatic data from the CoAgMET RFD01 meteorological station are not used as input

in the calculation of gridMET ETr. Figure 2.4A shows that spatially-averaged, monthly sums of

riparian SSEBop ET have a statistically significant (α = 0.05) strong linear correspondence with

CoAgMET ETr (R2=0.87). Figure 2.4B shows gridMET ETr, compared to CoAgMET ETr, also

indicating a statistically significant (α = 0.05) moderate linear correspondence (R2=0.56). There is
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Figure 2.2: Time series representing monthly SSEBop ET, CoAgMET ETr, and rainfall from 1999 to
2009. The riparian SSEBop ET values are spatially averaged, monthly sums. Locally measured rainfall and
CoAgMET ETr are monthly sums of daily observations from the CoAgMet RFD01 station. Missing data in
November 1999, December 1999, and January 2000 have been excluded from this plot.

statistically significant (α = 0.05) strong linear correspondence (not shown) between riparian SSE-

Bop ET and average monthly atmospheric temperature, Ta, (R2=0.89) and average monthly solar

radiation, Rn, (R2=0.87). Also, there is statistically significant (α = 0.05) weak linear correspon-

dence with monthly rainfall totals (R2=0.11); all measured by the RFD01 micrometeorological

station. Riparian ET is increased in drier conditions owing to increases in energy demand with

heightened temperatures (Table 2.3).

2.3.2 Variations in riparian vegetation, ET, and water table depth

Figure 2.5 illustrates the spatial distribution of average NDVI, peak SSEBop ET, and minimal

Dwt during the month of June for wet (year 1999) and dry (year 2003) climatic conditions. Average

NDVI values in June 1999 ranged from 0.12 to 0.84 (Figure 2.5A), and in June 2003 ranged from

0.16 to 0.71 (Figure 2.5D). Peak SSEBop ET values ranged from 229 mm to 273 mm in June

18



Figure 2.3: A comparison of daily SSEBop ET derived from satellite data to alfalfa ETr measured in the
weighing lysimeter at the CSU AVRC in 2009. The least squares linear regression function (solid) and the
1:1 line (dashed) are shown on the graph. Days of satellite overpass prior to June 8 (DOY 159), when the
alfalfa crop was minimally irrigated during the first growth cycle, have been removed (n = 10).

Figure 2.4: Comparison for monthly totals of SSEBop ET (n = 129 data points) against simulated ETr from
gridMET and computed ETr from local micrometeorological values collected from CoAgMET’s RFD01
station. Data for November 1999, December 1999, and January 2000 are missing. A fitted linear regression
(solid) and 1:1 line (dashed) are shown on each graph.
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1999 (Figure 2.5B), but were noticeably larger in June 2003 with a range from 228 to 315 mm

(Figure 2.5E). Peak SSEBop ET show smaller values in the eastern portion of the modeled area,

just upstream of John Martin Reservoir, independent of climatic condition (Figure 2.5B and 2.5E).

Larger areas of shallow groundwater depths were present in June 1999 (Figure 2.5C) compared to

June 2003 (Figure 2.5F), consistent with the wetter climatic conditions with corresponding higher

streamflow and irrigation diversions during 1999. Grid cells with missing data were excluded from

Figure 2.5 and were likely due to cloud interference in Landsat images.

Figure 2.5: Spatial distribution of (a) average monthly NDVI, (b) peak monthly SSEBop ET, and (c) mini-
mum Dwt in June 1999 (wet) and (d) average monthly NDVI, (e) peak monthly SSEBop ET, and (f) mini-
mum Dwt in June 2003 (dry) in the riparian corridor along the Arkansas River.

2.3.3 Relationship between groundwater depth and riparian ET

Values of monthly SSEBop ET averaged over all of the riparian MODFLOW grid cells indicate

that May, June, and July are peak months for riparian water use, as shown in Table 2.3. The

significant influence of Dwt on riparian ET is highlighted in Figure 2.6, wherein SSEBop ET

values computed within individual Landsat cells during June for all eleven years of groundwater

modeling are plotted for discrete classes of Dwt values within the respective MODFLOW grid
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cells. Based on non-paired Wilcoxon rank sum tests, results show that locations where Dwt is 3

m or less yield statistically significant (α = 0.05) higher ET rates compared to locations with Dwt

greater than 3 m. The same significant relationship for Dwt less than 3 m occurs during the months

of May and July. The data were tested for normality using the Shapiro-Wilk test [68] to conclude

that a non-paired Wilcoxon rank sum test was appropriate.

Figure 2.6: Monthly SSEBop ET in June, for all 11 years analysed (1999–2009), divided into 1-m bins of
Dwt values. Values of Dwt exceeding 5 m are excluded from this analysis. The p value indicates that a
comparison between two group mean values is statistically significant (α = .05).

Values of ρ calculated for pairs of SSEBop ET and Dwt across the grid cells for the months

March–October in the wet year 1999 and in the dry year 2003 are plotted in Figure 2.7. Values

of ρ outside the range of the shaded zone in Figure 2.7 are statistically significant (α = 0.05)

for large sample sizes (n > 100) [69]. The shaded zone represents the region within which ρ

values are considered statistically insignificant (600 < n <757, α = 0.05). October 1999 is the

only time period during which the value of α is insignificant. Generally, larger negative values
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of ρ are present throughout March–October during 2003 compared to 1999, indicating a stronger

relationship between high ET values and small Dwt.

Figure 2.7: Values of ρ for SSEBop ET and Dwt within the riparian corridor for each of the months of the
growing season for the wet year 1999 (757 data pairs per month) and the dry year 2003 (600 data pairs per
month).

Figure 2.8 depicts frequency histograms of ρ values during 1999 and 2003 within individual

MODFLOW grid cells using the eight pairs of SSEBop ET and Dwt values corresponding to the

growing season months of March–October. Because only eight pairs of data are compared in the ρ

analysis, there are insufficient data to confirm the statistical significance of the results. Generally, ρ

values are negative for 1999 and 2003, although more positively-correlated relationships are found

in 1999 when compared to 2003.

Figure 2.9A and 2.9B depict the temporal variability of SSEBop ET and average monthly Dwt

within the growing season in 1999 and in 2003, respectively. As shown in Figure 2.9, there is more

variability in SSEBop ET during the growing season of 2003 compared to 1999. Peak ET rate
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Figure 2.8: Frequency distributions of within-cell ρ values for SSEBop ET and average monthly Dwt,
calculated across the eight months of the growing season for (a) the wet year 1999 and (b) the dry year
2003. There are 718 cells with eight data pairs for 1999 and 590 cells with eight data pairs for 2003. There
were no tied ranks computed for within-cell ρ values. A vertical line (dashed) is shown on each panel to
demarcate the change point between inverse and direct correlations.

occurred in June for 1999 with an arithmetic average of 262 mm, and peak ET occurred in July

for 2003 at 298 mm. The shallowest Dwt during 1999 occurred in May with an arithmetic average

of 1.9 meters, while June in 2003 showed an average depth of 3.1 meters at its shallowest period,

both occurring the month before peak SSEBop ET is observed in each respective year. Groundwa-

ter table fluctuations remained shallower in 1999 when compared to data in 2003. Mean-monthly

SSEBop ET values were higher in 2003 for six months of the eight-month growing season. Dif-

ferences between monthly ET rates in 1999 and 2003 are more pronounced during the green-up

stages of the vegetation’s lifecycle, although agreement between the two growing seasons is ob-

served during annual senescence with differences in mean SSEBop ET as low as 2 mm in October.
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Figure 2.9: Box-and-whisker plots depicting the temporal variability in monthly SSEBop ET with average
monthly Dwt for each month within the growing season for (a) 1999 and (b) 2003. The box portion of the
box-and-whisker displays 0.25, 0.5, and 0.75 quantile values. The length of the whiskers in the box-and-
whisker plot is defined as one and a half the difference of the interquartile range (1.5 [0.75–0.25]). Outliers
are not plotted for SSEBop ET and Dwt to focus on values of groundwater depth that are of concern to the
dominant vegetation types seen in the study area.

2.4 Discussion

2.4.1 Applicability of SSEBop in riparian areas

Riparian water use continues to be an important area of research as large efforts are directed

at controlling invasive riparian species [49, 70] and competing sectors strain for already limited
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water availability. Tools that can provide accurate estimates of riparian ET at large spatial scales,

such as SSEBop, can help inform water managers of the role of riparian consumptive water use.

Senay et al. (2017) applied SSEBop using 31 years of Landsat archives in the southwestern United

States and found that riparian and agricultural ET, on monthly and annual timescales, are higher

than fallow and non-agricultural landscapes (1800-2000 mm/yr), agreeing with the findings but

differing in on monthly estimates, likely due to differing climatic conditions captured by gridMET

ETr. Khand et al. (2017) showed the use of a single-satellite-scene (SSS) method, with NDVI as

a key input, to have accurate comparisons to a sophisticated model over appropriate spatial scales

and subsequently used the SSS method to estimate annual riparian ET for 23 years. Their average

annual water use on the Colorado River in southern California is 748 mm which is 62 percent

less than the simulated average for all years at 1,949 mm (e.g. Table 2.3). The large difference

is likely explained by the fact that vegetation-index methods usually reflect only the transpiration

component of ET [71] whereas land surface temperature captures energy fluxes from soil and

vegetation.

A promising correlation between daily estimates of SSEBop ET and ETr from a precise-

weighing lysimeter (Figure 2.3) supports of the use of the SSEBop methodology in southeastern

Colorado. A bias in SSEBop estimates are expected given standard usage of a clear-sky net radi-

ation balance in SSEBop that assumes ET occurs 24 hours a day, which results in overestimation

of an independent data set that is based entirely on mass balance. A strong correlation between

spatially-averaged riparian SSEBop ET and locally-measured CoAgMET ETr shows that heavily-

irrigated crops are similar to energy-limited, groundwater-dependent riparian vegetation (Figure

2.4A). The lower correlation in Figure 2.4B and increased correlation in Figure 2.4A implies that

gridMET ETr combined with land-surface temperature can capture local conditions measured by

a crop-based micrometeorological station.
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2.4.2 Rainfall or energy as drivers of riparian ET

The controlling factors of riparian health can be evaluated by comparing the relationship be-

tween rainfall and SSEBop ET. Senay et al. (2017) shows weak relationships between SSEBop

ET and rainfall on a monthly and annual timescale for major irrigation districts in California and

Arizona. Similar to the findings from this study, a weaker relationship is observed between mean

monthly SSEBop ET and rainfall. Given the SSEBop model assumptions, the expectation is that

rainfall should create a “colder” land surface temperature and subsequently increase SSEBop ET.

The opposite is shown in Figure 2.5 where higher rates of ET in 2003 (dry year), compared to 1999

(wet year), are likely due to increased aridity with no constraint on groundwater supply. Glenn et

al. (2015) reported a strong relationship between vegetation-index ET and rainfall over grass and

shrubland-dominated study sites. They reported a higher correspondence between ET and the en-

hanced vegetation index (EVI), R2=0.85, rather than rainfall, R2=0.63. There are many differences

in this study compared to Glenn et al. (2015), which creates a need to continue experimenting with

natural-ecosystem ET using algorithms that incorporate thermographic and normalized-difference

reflectance imagery. Smaller correlations between SSEBop ET and rainfall indicates that the ri-

parian vegetation is not limited by moisture, considering the proximity to shallow groundwater,

influenced by varying irrigation return flows, but instead follows an optimal path, highlighted by

Glenn et al. (2011), where riparian vegetation growth matches other environmental factors like

incoming radiation and atmospheric temperature. Monthly rainfall as an explanatory microme-

teorological value does not play an increasing role in riparian condition (Figure 2.5) like Ta and

CoAgMET ETr (as seen in Figure 2.2 and Table 2.3). This means that the riparian vegetation is not

responding predominantly to rainfall as a driver of ET, but rather is varying according to energy

limitations.

2.4.3 Groundwater depth influence

Correlations between groundwater depths and peak SSEBop ET in the study agree with Baird

and Maddock (2005), who conducted a literature review to confirm plant groups found in wet-
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land and riparian ecosystems have ET rates of 2-4 mm/day with a non-linear relationship between

groundwater depth and ET flux. This highlights the physiologic sensitivities of riparian species

to excess water in energy-limited plant communities (Figure 2.6). Phreatophytic communities lo-

cated in Wyoming are reported to have rooting depths of 1-3 m with water use ranging from 0 - 3.1

mm/day, and likewise in New Mexico, cottonwood and salt cedar communities reported values of

groundwater depth that varied from 0.75 to 1.8 m with ET magnitudes reported as percentages of a

water balance [19]. The optimal groundwater depths found in this study, contributing to increased

SSEBop ET, agree well with previous ecohydrology studies. A significant “drop-off”, observed

in Figure 2.6, at groundwater depths below 3 m provides evidence that a threshold exists where

groundwater table location influences ET rates regardless of shifts in annual climatic conditions.

The estimates of dominant Dwt in semi-arid ecosystems, ranging from 1 to 3 m, agree well with

similar research efforts by Zhu et al. (2015). These results suggest the need to consider the im-

pact that improved irrigation management (e.g. increased irrigation efficiency and reduced canal

seepage), leading to diminished return flows and larger Dwt, would have on lowering the ET rate

within riparian corridors. Such an outcome might prove to be a beneficial side effect that would

offset increased water consumption that might otherwise result from a proposed measure to enlarge

riparian corridors to promote chemical reduction of pollutants in irrigation return flows [72].

The temporal analysis of peak SSEBop ET indicates riparian vegetation in southeastern Col-

orado is energy-limited (Figure 2.5). Yue et al. (2016) found that Dwt is a controlling factor in

groundwater ET but that seasonal ET is best predicted by atmospheric temperature, agreeing with

the findings from this study (Table 2.3). The lack of correlation between a mass balance approach

to ET, like the method of White (1932), and local climatological variables in Yue et al. (2016),

highlights a need to continue investigating water-use dynamics of natural ecosystems to develop

encompassing predictor variables for estimating ET at different scales in space and time. Gen-

erally, Figure 2.9 shows less variability in SSEBop ET with shallower Dwt in 1999 compared to

2003. Decreased values of Dwt in 1999 are likely due to increased availability of irrigation water

and rainfall amounts. The contrast between Dwt values in 1999 and 2003 verifies the assertion
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that shallower water tables on a monthly time scale do not necessarily contribute to increased ET

rates when compared to increased arid conditions. Higher rates of SSEBop ET are likely due to

increased atmospheric drying with no constraint on groundwater supply in 2003 when compared

to estimates from 1999, when rainfall was in excess (e.g. Table 2.3 and Figure 2.5).

2.5 Conclusions

This study assessed the relationship between simulated groundwater depths from a calibrated,

finite-difference model and ET estimates from a simplified remotely-sensed ET algorithm within

the riparian corridor along a 70-km reach of the Arkansas River, Colorado. A key finding is that

simulated riparian ET is primarily controlled by local micrometeorological variables associated

with energy-availability rather than rainfall. In addition, results revealed that groundwater depths

of 3 m or less had significantly higher ET rates during peak growing season months for all 11 years

of analysis.

The Spearman correlation between groundwater depth and SSEBop ET during a wet and dry

year, on a monthly basis, revealed stronger relationships during drier conditions. The results of

this unique, data-rich, dual-model comparison agreed with previous ecological research showing a

non-linear relationship between ET and groundwater depth.

Most of the analysis presented here focused on temporal variations between SSEBop ET and

groundwater depth, defined by differing hydroclimatic years, with the use of a highly-calibrated

groundwater model. To further the understanding on the linkages between floodplain activity and

a riparian ecosystem, the next approach includes a statistically-inclined method to examine factors

such as spatial proximity to groundwater pumping wells, tributaries, and irrigation canals in rela-

tion to natural-ecosystem response. The controlling variables of riparian health change with scale

in both space and time, and therefore future efforts will continue to experiment on the multi-scale

predictors and responses of groundwater-dependent ecosystems [28].
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Chapter 3

Space and Time Riparian Vegetation Characteristics

3.1 Introduction

Many rivers run through vast agricultural regions, often irrigated. Vegetation in the riparian

corridor is important for habitat biodiversity [33], removing agricultural-borne pollutants [55],

attenuating floods [73], and riparian ecosystems rely on groundwater return flow [28, 74]. Under-

standing the interactions between an agro-ecosystem and a riparian ecosystem can improve water

management that include compliance with standards for water quality, conjunctive use of ground-

water and surface water, and conservation of a vulnerable ecosystem.

The knowledge-base on the quantifying the connectivity between an irrigated landscape and

riparian water use is incomplete. There is little data about the temporal impact of irrigation-

perturbed return flow on riparian water use. Temporal lags and spatial dependencies between the

cause (i.e., return flows) and effect (i.e., riparian water use) should be examined to prevent the loss

of a vulnerable ecosystem to increased water demand, changing climate, and evolving irrigation

methodologies. In southeastern (SE) Colorado, USA floodplain activity consists of flood-furrow

irrigation of agricultural crops with a portion of land that utilizes center-pivot and drip technol-

ogy [52]. Flooding as an irrigation method, as opposed to center-pivot, produces increased return

flow. A review of groundwater recharge measurement methodologies by Scanlon, Healy and Cook

(2002) shows irrigating activity can contribute a large portion of water to return flow [23]. In turn,

locations along the riparian corridor that filter the return flow can depend on the extra flow as a

water source [22]. Relevant research estimates 50% of the water applied to agricultural areas in

the Arkansas River basin is converted to return flow [57, 75]; and irrigation-altered return flows

are connected to riparian ecology along the Arkansas River [59]. Recently, a global synthesis of

recharge data indicates that groundwater plays a larger role than previously thought in controlling
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streamflow and evapotranspiration [76]; and irrigation communities can contribute a large portion

of water to return flow [23].

Two unique layers of complexity to the water balance in SE Colorado consist of a process

known as canal augmentation and the influx of non-native vegetation. Canal augmentation is uti-

lized to replace water in timing and amount to a surface water source when the water user requires

water and supplies are not sufficient to meet the demand [25]. The augmentation water prevents

changes in historic stream hydrology when irrigation methods change. Additionally, unique to

river systems in the western USA, non-native species like salt cedar (Tamarix ramnossima) grow

unfettered given their ability to withstand high temperatures and salt-laden soils [59, 77, 78]. The

research presented here examines the interrelationships between irrigation-influenced hydrologic

factors and vegetation patterns along the Arkansas River in SE Colorado.

Publicly available data, Google Earth Engine’s cloud computing capabilities, and Bayesian

techniques are applied to examine the spatial and temporal dependencies of riparian vegetation

health. The models applied in this study deal with lagged covariates and autoregressive (AR) sig-

natures and are widely used in economic, hydrologic, and ecological studies to understand data

and make predictions [79–83]. Lagged temporal regression (e.g., estimation of dependence on

factors at earlier times) is appropriate for examining riparian water use because the state of the

riparian ecosystem at a given time could be due to past inputs into the watershed [22, 84]. Spatial

regression combined with categorical covariates can answer questions about the connections be-

tween floodplain activity and riparian function. A family of Bayesian linear regression models are

used to investigate patterns of vegetation over time and space. Linear models are used because: ad-

vanced applications of remote sensing of evapotranspiration (ET) have linear functional forms, and

though the underlying mechanisms that connect human-made and natural ecosystems are complex,

applying linear models is a necessary step in understanding spatio-temporoal processes.

The central aim in this research is to evaluate what temporal and spatial statistical models can

uncover about the connections between natural ecosystem water use and the adjacent landscape

and if the findings agree with previous studies investigating this science question. The following
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hypotheses are addressed: (1) temporal trend in monthly normalized-difference vegetation index

(NDVI) covering the riparian vegetation along the Arkansas River is only detectable at spatial

scales smaller than catchment (10-km), (2) the time lag of monthly NDVI with precipitation is

shorter than that with river discharge, (3) riparian areas along the Arkansas River that intersect

with perennial streams have increased cumulative vegetation density compared to areas abutted by

permanent land-use change (e.g., agriculture transition to fallow). These hypotheses are proposed

to deduce the hydrosocial connections between human-built and natural ecosystems to inform

decision making at operational scales. The analysis conducted herein tests these predictions using

a time series modeling approach, previously used to highlight the connections between vegetation

life cycles and various external forcings [21, 24, 80, 85–87], and a spatial modeling approach with

Gaussian-process regression techniques that has been previously used on spatial data problems to

account for spatial random effects between similar regions [88–90].

3.2 Methods

3.2.1 Study Area

The riparian vegetation under examination borders a 96-km reach of the Arkansas River in SE

Colorado with an areal coverage of 52.5 km2. Figure 3.1 depicts the study area that begins down-

stream of the John Martin Reservoir near Lamar, Colorado and extends to the Colorado-Kansas

border. The study area is located in a semiarid climate with rainfall ranging from 343 mm to 394

mm [25]. The shallow alluvial aquifer, in connection with the Arkansas River, supports the riparian

vegetation as a groundwater-dependent ecosystem. The natural-vegetation extent of the riparian

corridor is demarcated using Google’s platform of satellite imagery (varies upon resolution) and a

series of past cropping-pattern extents from the National Land Cover Database collected in 2001

and 2016.
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Figure 3.1: General location map of the 96-km reach of the Arkansas River located downstream of John
Martin Reservoir (JMR). Yellow stars indicate a township or city and the purple triangles represent four U.S.
Geological Survey (USGS) gages used in this study.

3.2.2 The Landsat Data and Strategic Spatial Partitioning

Using Google Earth Engine (GEE), all Landsat 5, 7, and 8 imagery (path: 31 and row: 34)

from 1984-2019 are used to extract NDVI for the study area. The NDVI product is used in this

study to track natural-ecosystem biomass, as a proxy for evapotranspiration, due to the history

the product has as an effective parameter in satellite-based evapotranspiration algorithms [38, 47]

and because NDVI has been validated in tracking groundwater-dependent ecosystems [20, 28].

In total, data from 932 satellite images from GEE are used. Each satellite pixel (30 m) centroid

that falls within the areal extent of the riparian corridor is defined as a sampling point to extract

values of surface-reflected NDVI from each satellite scene. This sampling scheme resulted in

58, 443 total satellite pixels covering the study area. All imagery is screened for clouds, ice and

cloud shadows within the areal extent of the riparian corridor following the same methodology as

Albano et al. (2020) [12]. Following Hungtington et al. (2016), Landsat 8 Operation Land Imager

data is linearly corrected for comparison with Landsat 5 and 7 [91]. Similar corrections have been

applied to Landsat imagery covering riparian vegetation in Vanderhoof et al. (2019) and Albano

et al. (2020). The data are exported from GEE into R to be organized in chronological order (R
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Core Team, 2018). All pixel values found in error, likely due to the presence of clouds or snow,

are assigned an NA value. Points that fall within the water surface area of the Arkansas River are

removed using the NLCD Open Water classification. All sampling points are divided into areal

plots, hereafter referred to as subregions, based on the location of the sampling point along the

Arkansas River.

Average NDVI for each month of the year at each Landsat pixel is computed using the xts

package in R to prepare data for the independent space and time analyses [92]. Pixels that contain

an NA value in the time series are excluded from the calculation of the monthly average. Tem-

porally averaging all data to a value per month compensates for gaps in satellite imagery from

clouds and snow and reduces noise [24, 93]. The study area is split into subregions using demar-

cations that correspond to areas with eight distinct hydrologic response functions as defined by

the rainfall-runoff model that Colorado’s Division of Water Resources (DWR) uses to model sec-

tions of the Arkansas River with the Hydrologic Institutional Model to ensure compliance with the

Arkansas River Compact between Colorado and Kansas [94]. Table 3.1 provides a summary of the

subregions within the study area.

Table 3.1: A summary of the subregion demarcations that correspond to the Hydrologic Institutional Model
to simulate water processes on the Arkansas River. The ∆ Dist. (km) is the incremental length of each river
segment in a subregion.

No. Name Location (Long.◦) ∆ Dist. (km)
1 Below JMR to Below Fort Bent Canal (begin,-102.8◦] 10.03
2 Below Fort Bent Canal to Below Amity Canal (-102.8◦,-102.7◦] 11.38
3 Below Amity Canal to Lamar Gage (-102.7◦,-102.6◦] 10.48
4 Lamar Gage to Below Manvel Canal (-102.6◦,-102.5◦] 17.39
5 Below Manvel Canal to Below X-Y Graham Canal (-102.5◦,-102.4◦] 8.78
6 Below X-Y Graham Canal to Granada Gage (-102.4◦,-102.3◦] 11.28
7 Granada Gage to Below Sisson-Stubbs Canal (-102.3◦,-102.2◦] 14.43
8 Below Sisson-Stubbs Canal to CO-KS Border (-102.2◦, end] 12.80
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Temporal Representation of NDVI

Each subregion is represented as a time series vector with dimensions of T = 428 × 1, where

T is the length of the time series in months. Each value in the vector is average monthly NDVI

ranging from May 1984 to December 2019. Subregions (d = 1, ..., D = 8) represent the number

of separate time series vectors created for the entire study area. Monthly NDVI is computed at

the Landsat-pixel level first, and then the areal average of all satellite pixels located within a given

subregion creates a single average NDVI value per month per subregion.

Spatial Representation of NDVI

Temporal integration (i.e., sum) is applied to average monthly NDVI to convert the time series

into a single value of cumulative density at every Landsat pixel within the study region. Previous

research suggests that integrated NDVI is strongly correlated to aboveground net primary produc-

tion in arid regions [95]. The approach to integrated NDVI included herein is simpler than the

methods proposed by Reed, Loveland and Tiezen (1996), who defined the onset of greenness and

summed all values of NDVI to a point in time when the plant is considered dormant [96]. The

temporal integration is applied to all available months of data (2000-2019) to utilize all data and to

limit user selection bias of seasonal start and stop points.

The time period chosen to analyze temporally-integrated NDVI is from January 2000 to De-

cember 2019. By 1996 several major surface-irrigation canals in the study area had been affected

by augmentation [25], so January 2000 serves as an inflection point to test if integrated NDVI will

show distinct patterns in proximity to augmented canals along the Arkansas River. Satellite pixels

are filtered in space and time to normalize each subregion and thereby create an equal-area analysis

among subregions (i.e., all subregions have the same number of observations of integrated NDVI

per satellite pixel). The data filters are as follows: exclude data in space by removing all pixels

with five or more observations of monthly NDVI less than 0, and exclude data in time by removing

images with greater than 1% of missing areal data within the riparian delineation. The filtered data

are randomly sampled to create a data vector for the spatial analysis that is of size Nd = 500 × 1

(0.45 km2) where Nd is the number of spatial observations in a given subregion.
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3.2.3 Temporal Covariates

Cumulative monthly precipitation, and average daily temperature per month, for the Upper

Arkansas hydrologic boundary (HUC: 11020002) are downloaded from WestWide Drought Tracker

[97]. Based on natural ecosystem ET models and a long record of recordings in the study area,

atmospheric temperature is used to account for the seasonality in the NDVI data [17]. Precipitation

can play an early and direct role in riparian ecosystem ET [98]. Precipitation and temperature are

assumed spatially uniform in the study area (i.e., all subregions share the same data). Tempera-

ture (T ) and precipitation (P ) are standardized before being analyzed to reduce collinearity and

improve model convergence [89].

Monthly mean discharge for the Arkansas River is extracted from USGS Surface-Water Monthly

Statistics for the Nation [99]. To reduce collinearity between precipitation and river discharge (Q),

four USGS gages identified in Figure 3.1 are used to perform a mass balance from the upstream

gage to the nearest downstream gage. This mass-balance technique converts discharge into a value

of net stream gain or stream loss per month (QG/Lt
), hereafter referred to as stream gain-loss. For

example, if the upstream gage is recording a flow that is less than the nearest downstream gage,

then that reach segment is gaining by the difference between the two flows. The four USGS gages

identified by USGS ID are: Below JMR (ID: 07130500; 38.07◦, -102.93◦), at Lamar, CO (ID:

07133000; 38.11◦, -102.62◦), near Granada, CO (ID: 07134180; 38.10◦, -102.31◦), near Coolidge,

KS (ID: 07137500; 38.03◦, -102.01◦). The stream gain-loss covariate is used as the key proxy

to connect the agroecosystem to the riparian ecosystem. The assumption is that when the river is

gaining then return flow (i.e., discharge from the alluvium to the river) is occurring.

The portion of the Arkansas River from the outlet of the John Martin Reservoir to the CO-KS

border is highly managed. Given that the John Martin Reservoir is the only on-stream reservoir

in the study area, the reservoir is considered a hydraulic boundary. Reservoir storage data is used

as a temporal covariate because of the close connections reservoir storage has to river discharge

and applied irrigation water [25]. Reservoir storage data for John Martin Reservoir are collected

from the geographical information system and mapping tools hosted by Colorado DWR. The daily
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storage in acre-ft is averaged to monthly storage and converted to cubic meters. The storage data

are standardized before being used as input to the time series model.

Data on monthly depth to groundwater (dtgw) are also collected from the geographical infor-

mation system hosted by DWR. There are numerous groundwater wells in the study area. One

groundwater observation well is chosen for each subregion based on the following criteria: du-

ration of observations is from 1980-2018, the observation well is within the spatial extent of the

Quartenary Alluvium, shortest distance to the Arkansas River, and within the longitudinal extents

of a subregion (see Table A.1 in the Appendix). The only exception to this criteria is the ground-

water observation well used for subregion 8 which is located at the downstream end of subregion

7. This inconsistency is because subregion 8 did not have observation wells that met the criteria

above. Each observation record had to be extended to 2019 so the WestWide Drought Tracker [97]

is used to find a similar hydrologic year, based on percentage of normal for precipitation, and the

groundwater data from the hydrologically-similar year replaced the missing data in 2019. The

Flood Emergency Management Agency’s Flood Map Service Center determined if each ground-

water observation well is within the floodplain. Four monitoring wells corresponding to subregion

3, 4, 5 and 7 are located within a flood risk area (Zone A, AE, X), two monitoring wells corre-

sponding to subregion 1 and 2 are located in a non-digitally mapped area, and two monitoring

wells corresponding to subregion 6 and 8 are located on the edge of Zone A flood risk extents.

3.2.4 Spatial Covariates

Using CDSS’s Map Viewer, the spatial location of major confluences with the Arkansas River

are collected for the analysis (see Table A.2 in the Appendix). Each explanatory variable used

in the spatial analysis is called a group and each subregion is assigned a value from each group.

Data for several variables are compiled to explain spatial changes in temporally-integrated riparian

NDVI per subregion. The groups are described in order as they appear in Table 3.2: (1) number of

confluences, (2) are the operating canals outside of the riparian corridor impacted by augmentation

[yes (1) or no (0)], (3) is there development (i.e., city or pastoral practices) located outside of the
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adjacent floodplain [yes (1) or no (0)], (4) is there a confluence between the Arkansas River and

a perennial tributary [yes (1) or no (0)], and (5) is the subregion adjoined by permanent dry up

locations of irrigated land identified by the Substitute Water Supply Plans or decrees in Colorado

for the Division of Water Resources [yes (1) or no (0)] (see Table A.3 in the Appendix for canals

impacted by augmentation).

The spatial analysis includes count and binary variables that can be used to verify predictions

about the connections between a riparian ecosystem and the surrounding landscape (Table 3.2).

The number of confluences is used as a count-covariate to account for the presence of drainage

ditches, canals and ephemeral draws in a subregion as an indication for seasonally-shallow ground-

water (Group 1). Canal augmentation is coded as a binary covariate to track changing water avail-

ability in a subregion as a result of altered soil-moisture and infiltration from modified irrigation

methodologies (Group 2) [24]. Floodplain activity is a broad covariate that tests if pastoral prac-

tices and cities impact temporally integrated NDVI through altered surface runoff in timing and

amount (Group 3). Confluence type is used as a binary covariate to discover the impact of in-

creased water availability from perennial confluences on cumulative vegetation density (Group 4).

Irrigated land dry-up indicate subregions that are abutted by historic agricultural land that are no

longer irrigated but can be re-irrigated with groundwater under a plan for augmentation, dryland

farmed or have revegetation requirements (Group 5).

Table 3.2: A summary of the subregions with count and binary variables incorporated into a coding matrix.

Subregion Group 1 Group 2 Group 3 Group 4 Group 5
1 4 0 0 0 0
2 3 1 0 1 1
3 2 1 1 0 0
4 2 0 1 0 0
5 1 1 0 1 1
6 2 1 0 0 0
7 2 0 0 0 1
8 3 1 0 1 0
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3.2.5 The Linear Models

The Bayesian multiple linear regression models used in the analyses are shown in Table 3.3

below. Model 1 is a classic linear regression model in a Bayesian setting. Model 2 is a hierarchical

Bayesian linear time series model that accounts for an autoregressive signature of order one. Model

3 is a hierarchical Bayesian linear network model that accounts for spatial dependence among pixel

neighbors within a given subregion. The reader is directed to Hooten and Hefley (2019) for a more

in-depth understanding of the models used in this study. A custom Markov chain Monte Carlo

(MCMC) sampler is created for the models shown in Table 3.3 following the six general steps

outlined by Hobbs and Hooten (2015). Appendix A shows the model posterior distribution for

all three models (Section A.1) and the full conditional statements for all model variables (Section

A.2), respectively. Model 1 has an update for the vector of correlation coefficients (βi) and the

uncorrelated error variance (σ2). Model 2 and 3 deal with correlated and uncorrelated variances in

the temporal and spatial datasets.

Table 3.3: A summary of the models used in this study. The symbol ∼ implies two sides of an equation are
proportional to each other. The probability distribution abbreviations are as follows: Normal-Gaussian (N),
Multivariate Normal (MVN), and Inverse Gamma (IG).

Model 1 (General) Model 2 (Time) Model 3 (Space)
yi ∼ N(x

′

iβ, σ
2) yt ∼ N(x

′

tβ + zt, σ2
y) yd ∼ MVN(X′

dβ + ηd, σ
2
dI)

β ∼ MVN(µβ,Σβ) zt ∼ N(αzt−1, σ
2
z ) ηd ∼ MVN(µη,Σ(σ2

ηd
, ρ))

σ2 ∼ IG(q, r) β ∼ MVN(µβ,Σβ) β ∼ MVN(µβ,Σβ)
α ∼ N(µα, σ

2
α) ρ ∼ Gamma(γ1, γ2)

σ2
y ∼ IG(qy, ry) σ2

d ∼ IG(qd, rd)
σ2

z ∼ IG(qz, rz) σ2
ηd

∼ IG(qη, rη)
z0 ∼ N(µz0 , σ

2
z0)

Model 2 equates to a fully-Gibbs MCMC algorithm (Appendix A2 and B2). The model vari-

ables for the time series case are described as follows: yt comes from a univariate normal distri-

bution and represents a measurement of monthly NDVI at time t = 1, ..., T , xt is a p× 1 vector of

fixed covariates measured at time t where p represents the number of covariates, β is a multivari-
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ate normal p × 1 vector of regression coefficients with a p × 1 prior mean vector µβ and a p × p

covariance matrix Σβ = σ2
βI, each I is an identity matrix with 1 on the diagonal elements of the

matrix and 0 elsewhere, zt represents the autoregressive error in the ecohydrologic process at time

t, and α is a scalar autocorrelation parameter of order one with hyperparameters µα and σ2
α. The

data model variance, σ2
y , accounts for the leftover variance not captured by the mean and autocor-

relation components. The process model variance, σ2
z , is a scalar that represents the variance in the

autoregressive error, and z0 is the initial state which comes from a univariate normal distribution.

A directed acyclic graph is shown in Figure 3.2 as a visual guide for Model 2.

Figure 3.2: A directed acyclic graph for the model of the dynamics of riparian NDVI along the Arkansas
River. The solid lines represent stochastic relationships and the dashed lines represent deterministic rela-
tionships.

The spatial model is a hybrid Gibbs and Metropolis-Hastings sampling scheme (Appendix A3

and B3). The spatial model is similar to the time series model in that the model accounts for

a latent correlated process directly (i.e., zt in the temporal model and ηd in the spatial model).

The correlated process (ηd) comes from a multivariate normal distribution; µηd
is the nd × 1

prior mean vector and Σ(σ2
ηd
, ρ) is an nd × nd covariance matrix set equal to σ2

ηd
R(ρ) which is

equivalent to σ2
η(diag(W1d)−ρWd)

−1; diag(W1d) is a diagonal matrix with the row sums of W as

diagonal elements [79]. This network model has Wd as a binary distance matrix where locations
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within a certain distance of a pixel are neighbors [79]. In the neighborhood matrix, locations

that are neighbors are assigned a one, and a zero otherwise. In this study the binary proximity

matrix is developed for each subregion by dictating that all pixels within 45 m of each other are

considered neighbors (e.g., similar plant functional group); and Moran’s I confirms positive spatial

structure in the data, per subregion, using the ape package [100, 101] at grid cell sizes greater

than 30 meters. Correspondingly, literature indicates Canadian riparian forests can be accurately

classified at spatial resolutions of 8.4 m and 30.8 m [102]. The spatial dependence parameter, ρ,

is from a symmetric proposal with a univariate normal distribution set as the mean and a variance

with a tuning parameter [79]. In the spatial formulation, σ2
d represents the left over variability

after accounting for correlation among pixels that represent the same plant functional group. The

variance in the spatially correlated random effect, σ2
ηd

, is the expected error between the predictions

of temporally integrated NDVI for image pixels that are neighbors and contain a similar plant

functional group. The regression coefficients (β) and the spatial dependence parameter (ρ) are

shared among subregions which forces smoothing across the eight subregions [90]. A directed

acyclic graph is shown in Figure 3.3 as a visual guide for Model 3.

The Priors

The prior distributions represent insight about a variable in a statistical model and does not

depend on the data being analyzed. All variance structures are specified with strictly positive

distributions (e.g., Gamma and IG). The autocorrelation coefficient in the time series model (α) is

specified with a mean (µα) equal to 0.6 and a variance (σ2
α) equal to one because the correlation

parameter is between -1 and 1 for stationary time series. The hyperparameters used to explain the

covariance structures are vaguely specified with qz = 0.001, rz = 1000, qy = 0.001 and ry = 1000.

The initial state variable has a mean of µz0 = 0 and a variance σ2
z0

= 1. The mean vector for the

regression coefficients µβ is set equal to zero and Σβ is equal to 10000I to control collinearity

among covariates [79].

The priors in the spatial model are weakly informed similar to the time series approach, ex-

cept for the spatial dependence parameter (ρ) and the spatially-correlated process (ηd). The spatial
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Figure 3.3: A directed acyclic graph for the spatial model of time integrated riparian NDVI along the
Arkansas River. The solid lines represent stochastic relationships and the dashed lines represent determinis-
tic relationships.

dependence parameter has hyperparameters set to γ1 = 9801 and γ2 = 9900 and ρ is instan-

tiated in the MCMC chain very close to one (e.g., 0.999) with a very small tuning parameter

(ρtune = 0.0005). The MCMC algorithm has an accept-reject sampling scheme so that the spatial

dependence parameter remains between 0 and 1 [79]. The model is informed so that σ2
ηd

comes

from a mean of 5 and a variance of 4. This informed prior helps the model identify the spatial

dependence among like vegetation communities as the smaller covariance between two covari-

ance structures (e.g., σ2
d and σ2

ηd
). The independent error variance, σ2

d, is vaguely informed with

qd = 0.001 and rd = 1000.

Convergence, Model Checking and Model Comparison

All models used in this analysis are checked for convergence by visual inspection of the MCMC

trace plots. Posterior predictive distributions are used to determine if the models are capable of

generating data that resemble the observed data [89]. The deviance information criterion (DIC) is

used to measure how each covariate impacts the model in the time series approach. The DIC score

41



is commonly used in Bayesian analysis and is good for comparing models of the same class [89].

The DIC is calculated as:

DIC = −2log[y|E(θ|y)] + 2pD (3.1)

where the term -2log[y|E(θ|y)] represents the loss function, and 2pD represents a penalty based on

number of model parameters [79]. The model with the lowest DIC score fits the data the best [79].

3.2.6 Prediction Testing

Hypothesis 1: Identifiable Temporal Trend At Catchment Scale

To determine the spatial scale at which temporal trend is identifiable, the study area is di-

vided along the Arkansas River into successively smaller areas and Model 2 is used to derive

the correlation coefficient for the trend covariate. The baseline version of Model 2 consists of

an intercept, trend, periodicity, an AR(1) component, and an independent error component (e.g.,

yt = αzt + β0 + β1(t) + β2(Tt) + ϵt). The study adopts definitions of scale in hydrology from

Blöschl and Sivapalan (1995) [30]. The study area is divided into sub-areas with resolutions of:

large-reach scale (1 km), catchment scale (> 10 km), and sub-regional scale (100 km). If the 95%

credible interval of the posterior distribution for β1 does not overlap zero, this suggests there is

growth or decay in time at a given spatial resolution. I predict that temporal growth or decay is

identifiable at scales smaller than catchment because of first-hand experience with the study area

and previous research on riparian trend [12, 85].

Hypothesis 2: Precipitation Will Have A Shorter Lag Effect

The DIC score (Equation 3.1) for each subregion is used to authenticate which hydrologic

covariate has the shortest lag impact on monthly NDVI. This work focuses on the intra-seasonal

impacts of hydrosocial covariates on riparian NDVI. Pearson correlation between covariates con-

firmed obvious correlations among precipitation and stream gain-loss. Therefore each covariate,

as a set of intra-season lags (i.e., t, t − 1, and t − 2), is added to the baseline model separately

to determine the predictive ability of each covariate. There are seven possible combinations of a

42



lagged covariate using times t, t− 1 and t− 2. The DIC score helps remove lagged covariates that

cannot explain variability in the data. Precipitation is assumed to have a shorter lag effect because

recent literature, studying a riparian ecosystem with similar climatic conditions, suggest that there

are stronger relationships between riparian NDVI and precipitation compared to other hydrologic

inputs like streamflow and reservoir stage [12].

Hypothesis 3: Confluences With Perennial Streams Increase Cumulative Vegetation Density

A spatial random effects model is used with a spatial partitioning approach, similar to the one-

of-many applied in Heaton et al. (2019), to test how large scale floodplain characteristics impact

riparian vegetation [90]. The perennial confluence descriptor variable serve as a hydraulic bound-

ary that uplifts the local groundwater table creating a return flow hotspot that supports existing

and emerging vegetation. If the posterior distribution of the model parameter significantly over-

laps zero then the influence between that covariate and integrated NDVI is undetectable, given the

other covariates in the model.

3.3 Results

For the temporal analysis, applicable to the first and second hypothesis, the satellite-pixel av-

eraging that creates a monthly time series results in a range of 157 to 232 missing values from a

given subregion’s time series. After analyzing each time series, derived distributions for model

parameters are created using MCMC. Previous examples of the derived distribution approach in

hydrologic science and water-resources engineering are Eagleson (1978), Ramirez and Senarath

(2000), and Chen et al. (2008) [103–105]. I present the time series and spatial statistics results in

a similar fashion.

3.3.1 Hypothesis 1: Identifiable Temporal Trend At Catchment Scale

To address the first prediction, the study area is split into progressively finer scale riparian

areas to determine the spatial-scale threshold for detecting trend. Figure 3.4 shows the posterior

distribution for the trend covariate under varying spatial resolutions. Temporal trend, positive or
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negative, is not detectable at spatial scales larger than catchment size (> 10 km). At spatial scales

less than catchment size, 20% of sub-areas analyzed show identifiable trend, growth or decay, from

1984 to 2019.
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Figure 3.4: Marginal posterior densities for βtrend estimated at varying spatial resolutions.

3.3.2 Hypothesis 2: Precipitation Will Have A Shorter Lag Effect

The DIC scores in Table 3.4 partially corroborate the second prediction by indicating that the

impact of precipitation on riparian vegetation has a shorter lag time than stream gain-loss but is

dependent on subregion. Most subregions share correlation with intra-seasonal precipitation and

stream gain-loss at similar time lags but subregion 6 is the only area studied that exhibited a shorter

lag between NDVI and precipitation. In the simulation that tested the simultaneous predictive

ability of P at t, t − 1, and t − 2 at each subregion, precipitation showed direct correlations with

monthly NDVI regardless of subregion. Subregions 1, 3 and 8 are positively correlated with P at

time t, t− 1, and t− 2. Subregion 4, 5 and 7 are the only subregions that had more predictive DIC

scores using the most parsimonious model (i.e., intercept and seasonal components). The posterior
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Figure 3.5: Marginal posterior densities for β0, βtrend, βTemp, and α. There are eight histograms per panel.
The prior mean (µβ = 0, µα = 0) is shown as a blue line. In panel B, the central 95% Bayesian credible
intervals do not overlap zero for subregion three (below Amity Canal to Lamar Gage) which indicates a
positive trend. Subregion three in panel B of the figure is highlighted using a bold-dashed line.

distributions (not shown) for precipitation show that the strongest positive correlation between the

response variable and precipitation is at time t− 1.

Monthly NDVI are correlated with stream gain-loss but it depends on subregion. In the simu-

lation that tested the simultaneous predictive ability of QG/L at t, t−1, and t−2 at each subregion,

stream gain-loss showed direct and indirect correlations with monthly NDVI depending on subre-

gion. Subregions 1, 2, 3, and 8 are correlated with QG/L at time t. Subregions 1, 2, 3, 4 and 6 are

correlated with QG/L at time t− 1. Subregions 1, 4, and 6 are correlated with QG/L at time t− 2.

Subregions 5 and 7 showed no correlation with any lags of stream gain-loss (Table 3.4).

Other covariates are examined to determine the temporal relationship with the response vari-

able. The posterior distribution for trend correlation coefficient (βt) overlaps zero for all subre-

gions except for subregion 3 (below Amity canal to Lamar gage) (Figure 3.5b). Including a trend

covariate at subregion 3 yielded a better DIC score (Table 3.4). Reservoir storage and depth to

groundwater are not shown in Table 3.4 because each covariate did not improve the DIC score at a
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given subregion. Reservoir storage and depth to groundwater are not predictive of monthly NDVI

despite the hydrologic connections.

Table 3.4: A summary of the predictive covariates used at each subregion. The autocorrelation coefficient
and the variance are not shown in the equations for clarity.

Subregion Predictive Covariates DIC
1 yt = β0 + β1Tt + β2Pt + β3Pt−1 + β4Pt−2 -1067
2 yt = β0 + β1Tt + β2Pt -1012
3 yt = β0 + β1tt + β2Tt + β3Pt + β4Pt−1 + β5Pt−2 -1063
4 yt = β0 + β1Tt -760
5 yt = β0 + β1Tt -793
6 yt = β0 + β1Tt + β2Pt -829
7 yt = β0 + β1Tt -759
8 yt = β0 + β1Tt + β2Pt + β3Pt−1 + β4Pt−2 -1029
1 yt = β0 + β1Tt + β2QG/Lt

+ β3QG/Lt−1
+ β4QG/Lt−2

-1068
2 yt = β0 + β1Tt + β2QG/Lt

+ β3QG/Lt−1
-1025

3 yt = β0 + β1tt + β2Tt + β3QG/Lt
+ β4QG/Lt−1

-1063
4 yt = β0 + β1Tt + β2QG/Lt−1

+ β3QG/Lt−2
-761

5 yt = β0 + β1Tt -795
6 yt = β0 + β1Tt + β2QG/Lt−1

+ β3QG/Lt−2
-839

7 yt = β0 + β1Tt -757
8 yt = β0 + β1Tt + β2QG/Lt

-1014

3.3.3 Hypothesis 3: Confluences With Perennial Streams Increase Vegeta-

tion Density

The marginal posterior density plots for key spatial model parameters can be seen in Figure

3.6; this graph validates the third prediction. For the average subregion investigated (e.g., aver-

age number of confluences with the subregion-specific variance structures ignored for simplic-

ity), areal segments that are intersected with perennial streams have larger temporally-integrated

NDVI. The subregions that have a confluence with a perennial stream have increased integrated

NDVI compared to subregions with an increased number of confluences and subregions abutted

by canal augmentation, floodplain activity, and permanent irrigated land dry-up (Figure 3.6). Sub-

regions abutted by a city, pastoral practices, and permanent irrigated land dry-up have decreased
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temporally-integrated NDVI. The spatial autocorrelaed error is smaller than the independent error

at all subregions as seen in Figures 3.7 and 3.8. The unstructured error variance is large because the

variable encompasses the error between temporally-integrated NDVI for different plant functional

groups and densities found in the study area.

The derived quantities are x̄′

aβ, x̄′

bβ, x̄′

cβ, and x̄′

dβ (where x̄′

a = (1, x̄2, 1, 0, 0, 0)
′, x̄′

b =

(1, x̄2, 0, 1, 0, 0)
′, x̄′

c = (1, x̄2, 0, 0, 1, 0)
′) and x̄′

d = (1, x̄2, 0, 0, 0, 1)
′). These derived quantities

are the average integrated NDVI for a riparian zone that is abutted by either augmentation or cities

and pastoral practices or intersected by a perennial river or abutted by permanent irrigated land

dry-up. The mean and 95% central intervals (2.5% and 97.5%) for these derived quantities can

be seen in Figure 3.6. The contrast vector x̄′

cβ indicates that subregions that have a perennial

confluence have noticeable larger temporally-integrated NDVI while x̄′

bβ (floodplain activity) and

x̄′

dβ (land dry-up) have a decreasing impact on temporally-integrated NDVI.
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Figure 3.6: Marginal posterior means (open-circle points) and 95% credible intervals (vertical lines) for the
computed contrasts. The horizontal-dashed line represents the posterior mean of β0.

3.4 Discussion

This work using statistical analysis on publicly available water-resources data can be used to

help resource managers understand lagged catchment processes in perturbed systems. Before this
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Figure 3.7: Marginal posterior densities of the unstructured error variance (σ2
d) per subregion.
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Figure 3.8: Marginal posterior densities of the spatially-correlated error variance (σ2
ηd

) per subregion.

work is synthetically placed in the broader context, there are a few key drawbacks to this study

to consider. The spatial resolution of the Landsat NDVI product is coarse. The coarseness of the

imagery makes inference on a specific vegetation type difficult in a heterogeneous riparian corridor.

I attempt to overcome that in the spatial approach by accounting for correlated (i.e., neighbor) and
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uncorrelated (i.e., random) error variance. In the temporal and spatial analysis, the data model

is Gaussian which has support from −∞ to ∞ and NDVI is strictly positive. This drawback is

quickly overcome using conjugate relationships between the data, process, and parameters.

3.4.1 Hypothesis 1: Identifiable Temporal Trend At Catchment Scale

A growth trend is discovered in riparian NDVI at spatial resolutions less than catchment scale.

Subsequently, in terms of the strategic areas that are examined, the subregion from the Amity

canal to the Lamar gage is the only subregion that shows a significant temporal trend in monthly

NDVI as indicated by the posterior histogram that does not significantly overlap zero (95% credible

interval); as summarized in Figure 3.5b. Seven out of eight subregions did not exhibit a significant

slope of growth or decay in monthly NDVI. In contrast, Nguyen et al. (2015) found a clear-

decreasing trend using linear least-squares analysis on mean annual values of riparian vegetation

indices for a 39.51 km2 plot on the upper San Pedro River in Arizona. Figure 3.5 also summarizes

the marginal posterior distributions for the linear regression coefficients that represent the intercept,

temperature and the autocorrelation coefficient for the AR(1) term (i.e., the baseline model). All

subregions in the study area showed a strong first order autoregressive error (Figure 3.5d). The

relationship between the responses and covariates at time t and t − 1 create the autoregressive

structure and the mean AR(1) value for all subregions combined is approximately 0.5. Temporal

dependence in a water resource time series like the data analyzed in this study can be caused by

atmospheric and hydrologic forcings, as well as agriculture and pastoral practices [83, 106].

3.4.2 Hypothesis 2: Precipitation Will Have A Shorter Lag Effect

The correlation of a two-month lag, or less, between precipitation and riparian NDVI is likely

due to the area receiving most of its rainfall during the summer months and by spring snow re-

plenishing soil moisture and recharging the aquifer in time for riparian green-up [25]. Nguyen

et al. (2015) found direct correlations between generalized NDVI and precipitation. Vanderhoof

et al. (2019) tested the significance of lagged precipitation to explain the temporal changes in

riparian wetness and found that annual precipitation with drought indices are good predictors of
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the observed decline of riparian wetness. Parsons and Thoms (2013) found discernible greenness

changes in riparian vegetation during periods of increased rainfall and flooding [107]. Hunting-

ton et al. (2016) measured moderate, but direct correlations between summer NDVI and annual

precipitation and groundwater depth.

In a time series approach, the variable QG/Lt
is a proxy for when return flow is causing a stream

segment to gain or lose. The delayed correlation between monthly NDVI and QG/Lt
, as shown in

Table 3.4, highlights the spatial and temporal variation in ecosystem function along the Arkansas

River. Previous studies like Nagler et al. (2016) have used river discharge loss as a way to validate

riparian water use for approximately 380 km2 of red gum riparian forests in the Yanga National

Park, Australia [108]. Velpuri et al. (2020) used estimates of satellite derived evapotranspiration

and river discharge to quantify how irrigation curtailment impacted the water balance in the upper

Klamath Lake basin [109]. This work compliments previous efforts to relate stream mass-balance

to floodplain activity by examining the lags.

The lack of correlation between riparian NDVI and groundwater depth is likely due to the

sparseness of groundwater data. Most groundwater observations were recorded twice per year in

the spring and fall to capture static water levels at pre- and post-irrigation time stamps. The lack of

correlation between groundwater and NDVI, in addition to reservoir activity and NDVI, does not

agree with previous groundwater dependent ecosystem studies [7] and research on the benefits of

environmental flows [110].

3.4.3 Hypothesis 3: Confluences With Perennial Streams Increase Vegeta-

tion Density

Quantifying the connection of irrigating communities and riparian water use remains an elusive

component of the hydrosocial framework. Spatial autoregressive statistics, like the methodology

used here, is required when the data has spatial dependence and has been used to detect land use

change from driving factors [111]. Based on the spatial analysis, a subregion that has a confluence

with a perennial stream (e.g., Mud, Big Sandy and Wild Horse Creek) has increased integrated
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NDVI when compared to sites that are impacted by augmentation, floodplain activity or permanent

irrigated land dry-up (Figure 3.6). Albano et al. (2020) analyzed the residuals of a vegetation-

climate regression analysis in relation to non-climatic forcings in Nevada and found, outside of

the model, negative temporal trends in riparian vegetation were abutted by agriculture. Albano

et al. (2020) found growth in the temporal patterns of riparian vegetation that were connected to

tributaries and perennial ponds and wetlands. Vanderhoof et al. (2019), outside of the random

forest regression, related the trend in the residuals of a climate-vegetation model fit to changing

irrigation methodologies over a given area. The spatial knowledge acquired from this work could

be used to inform strategic field efforts aimed at preserving vulnerable ecosystems.

3.5 Conclusion

With the use of temporal and spatial statistics, this work provided an alternate way of validating

previous observations and modeling that highlight floodplain connections to riparian ecosystems

in groundwater-dependent regions. This work discovered that: (a) temporal trend is spatial-scale

dependent, (b) precipitation has a shorter lagged impact on riparian NDVI when compared to other

hydrologic factors despite studying a groundwater dependent ecosystem, and (c) that perennial

tributary confluences explain increased vegetation density. Future efforts in this direction will con-

sider combining the independent analyses used in this investigation into a single spatio-temporal

approach similar to [112]. There is opportunity to link well-known models for handling spatial

data with those for handling latent temporal patterns [113].
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Chapter 4

Point-Scale Relationship Between Riparian

Evapotranspiration and Groundwater

4.1 Introduction

Natural-ecosystem evapotranspiration (ET) is a difficult-to-quantify flux of the hydrologic cy-

cle and the relationship to groundwater dependent ecosystems (GDE) has important implications

on the co-management of groundwater and surface water supply in Colorado. Germane to this

topic is the point-scale deterministic fit between ET and groundwater depth; and how this rela-

tionship depends on plant functional group. Literature has shown that change point (i.e., threshold

or piecewise) models are adequate predictors of the relationship between ET and groundwater

depth but there is observational support that the relationship between groundwater depth and plant

health approach saturating conditions (i.e., asymptotic nature) in shallow groundwater. A stochas-

tic framework to derive the non-linear or linear deterministic fit between ET and groundwater head

in GDEs is overdue. For the purposes of creating scale-enlightened models, it is imperative to test

the predictive abilities of these function forms.

Understanding the mechanistic process between evapotranspiration and groundwater head, and

the scale at which the process occurs, is key to building models that are predictive at scales rele-

vant to regional water challenges. There are numerous groundwater modeling schemes that heavily

rely on the assumption of linear and piecewise-linear between evapotranspiration and groundwater

head. For instance: 1) MODFLOW is the U.S. Geological Survey’s internationally recognized

modular hydrologic model and MODFLOW has an Evapotranspiration Package [114] and Evapo-

transpiration Segments Package [115] that simulate ET rates as a function of hydraulic head in the

saturated zone using linear and piecewise linear functions, respectively (Figure 4.1); 2) Lumped,

or bucket, models describe the relationship between evapotranspiration and water table depth as
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piecewise linear [19]; and 3) variable saturation flow models (1-D Richard’s equation) have been

used to show the usefulness of a piecewise linear process between ET and groundwater [116].

The assumption of linearity between ET and groundwater is valid at coarse spatial and temporal

scales because it is well known that as groundwater depth decreases (i.e., shallowing), and comes

in contact with roots, then evapotranspiration increases. At smaller scales, the assumption of

linearity might be inadequate due to vegetation heterogeneity in riparian corridors. Water use by

phreatophytes, shrubs, and grasses may all have different mechanistic relationships (e.g., ET rates)

with groundwater. Different deterministic equations may serve as predictive representations of the

ET-groundwater process that depend on plant functional group.

Evapotranspiration Rate (L/T)

D
e

p
th

 (
L)

Land Surface

Water Table

Extinction Depth

Figure 4.1: Conceptualization of the functional relationship between groundwater depth and evapotran-
spiration in MODFLOW. The yellow line is linear, the red line is piecewise-linear, and the purple line is
hyperbolic and each line represents a different MODFLOW module for simulation the ET-groundwater re-
lationship.

Previous literature suggests there is observational evidence for a linear and non-linear relation-

ship between evapotranspiration and groundwater. Specifically, a linear fit has been found using

only groundwater as a covariate [13, 114, 117, 118], exponential relationships between ET and
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groundwater depth have been observed [13,118,119], piecewise exponential-linear equations have

been derived [116, 120–122], piecewise linear [115], hyberbolic [123], and asymptotic (i.e., sat-

urating) conditions have been observed between normalized difference vegetation index (NDVI)

and groundwater depth observations [7].

Because natural ecosystem evapotranspiration is more difficult to accurately estimate when

compared to crops, lacking uniform vegetation type and fetch, research on natural ecosystems

have used ratios of evapotranspiration. Ratios of evapotranspiration are synonymous with crop

coefficients and consist of measuring ET in a specific location and dividing that value by a climatic

potential. The FAO-56 documentation quantifies ET in non-pristine vegetation using the ratio of

actual ET to potential ET; these values of ET are quantified using the Penman-Montieth equation

which has been validated in Colorado [63]. Ratios of these variables can convert an estimate of wa-

ter use (mm/day) into a value of water use with a limit [124]. Previous researchers have computed

ratios of water use as a response variable [13, 105, 116, 125]. Normalizing an evapotranspiration

rate by its climatic potential is common practice in large-scale hydrology [126,127]. While there is

observational support for linear and non-linear relations between evapotranspiration and ground-

water depth, there has not yet been a study to examine the predictive ability of linear and non-linear

functions in a Bayesian framework at varying temporal resolutions. Understanding which function

is most predictive of ET using groundwater depth could improve spatially-distributed parameter

models with built in ET-groundwater understanding. Additionally, Bayesian inference on process

parameters could provide ecohydrologic understanding.

The objective of this work is to derive the functional fit between evapotranspiration and ground-

water depth for three plant functional groups (PFG) found in arid GDEs. The three PFGs are shrub,

phreatophyte, and grass. The broader importance of this work is aimed at understanding linkages

between groundwater and ecosystem processes to sustainably manage interconnected groundwater

and surface water systems in an irrigated agricultural region.

The hypothesis I have about GDEs is formulated as follows: asymptotic functions are hypoth-

esized to serve as more predictive models of the relationship between GDE health (i.e., evapotran-
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spiration) and groundwater availability (i.e., groundwater hydraulic head) given that no quantities

in hydrology can increase or decrease without limit. Testing this hypothesis will involve using a

Bayesian regression framework. The framework will facilitate the testing and predictive analysis

for various function forms used in ecohydrology. The hypothesis will be proved if an asymptotic

function provides the best fit between groundwater head and ET. Results will be presented on the

predictive abilities of each function using within sample, and out-of-sample, model validation at

varying temporal resolutions for three PFGs.

4.2 Methods

4.2.1 Study Area

The field study was conducted near the CSU Arkansas Valley Research Center in Rocky Ford,

CO at a riparian-wetland combination GDE that borders a 5-km stretch of the Arkansas River (Fig-

ure 4.2). The spatial domain includes a low-gradient GDE that is surrounded by the Rocky Ford

State Bird Farm and fallow land that is predominantly owned by upstream municipalities along

the front range of the Rocky Mountains. This study site is contained in a dryland setting where

precipitation is typical of arid climates [128], yet exhibits humid land aspects because of the shal-

low groundwater depths [129]. Data from the micrometeorology station, RFD01 (Lat: 38.0385◦,

Long: -103.6950◦), operated by the Colorado Agriculture Meteorological Network (CoAgMet),

indicates that water year (Oct.-Sept.) precipitation totals are 158.74-mm (WY-2018), 261.11-mm

(WY-2019), and 242-mm (WY-2020). The vegetation in the study area is in a transitional phase

to an alternative stable state due to succession from competitive vegetation (e.g., Tamarix ramnos-

sima) [59, 130]. The combination of deciduous trees and desert shrub, shallow groundwater and

strong atmospheric drying power make this study area a fascinating ecological paradox.

4.2.2 Field Data

Point-scale, 15-minute, observations of groundwater table elevation at 12 monitoring wells lo-

cated within, and adjacent to, the riparian corridor along the Arkansas River were collected. The
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Figure 4.2: General location map of the study area in Rocky Ford, CO.

groundwater wells (HOBO Water Level Data Logger) were installed in 2014 and have been previ-

ously used to monitor stream-aquifer processes with the purpose of better understanding temporal

variability in Nitrogren transport [131]. Groundwater measurements at all monitoring wells be-

gan May 15, 2018 and ended on October 17, 2020. Water table elevation was calculated at the

well by subtracting the barometric pressure from the total pressure measured by the pressure trans-

ducer in each monitoring well. Each well was geo-located with survey-grade TOPCON Real-Time

Kinematic GPS as the base station that is paired with TOPCON GR-5 rovers to collect latitude,

longitude, and elevation with a 10 mm horizontal error and 15 mm vertical error.

Point-scale, 15-minute averaged, micrometeorological data within the riparian corridor using

a HOBO Onset weather station located near groundwater well A2 (38.0582◦, -103.6852◦) were

collected. The choice of this location was determined by ease of access, landowner clearance, and

to capture the GDE micrometeorology. Daily data from the RFD01 CoAgMet station, located at
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the CSU Arkansas Valley Research Center in Rocky Ford, CO, were downloaded from the CoAg-

Met website. Daily values of ET, within a plot of salt cedar and at RFD01, are computed using

the Penman-Monteith equation (Equation 4.1) following the methodology outlined in the ASCE-

EWRI Task Committee Report [60]. Standardized evapotranspiration (ETsz) from the weather

station in the riparian corridor is divided by grass-reference evapotranspiration (ETo) measured by

the RFD01 station to create a normalized value of evapotranspiration (ETsz/ETo). The names,

units, and how each variable is computed in Equation 4.1 is summarized in Table 4.1. The only

difference in computing ETsz compared to ETo is the numerator (Cn) and denominator (Cd) con-

stants which are based on time step, aerodynamic roughness, and bulk surface resistance. Per Table

4.1 in the ASCE-EWRI Task Committee Report, ETo is computed using the short reference values

and ETsz is computed using the tall reference values. Additionally, the wind profile is measured at

a height of three meters at the weather station located in the GDE, but the profile is corrected to a

standard two-meter measurement following Equation 33 in ASCE-EWRI Task Committee Report.

ETsz and ETo =
0.408∆(Rn −G) + γ Cn

T+273
u2(es − ea)

∆ + γ(1 + Cdu2)
(4.1)

4.2.3 Remote Sensing Data

A collection of 276 enhanced multispectral visible and near-infrared CubeSat images from a

commercial platform called Planet (www.planet.com), as part of the Education and Research Pro-

gram, are used in this study. Planet’s PlanetScope sensors provide a daily surface-reflectance

product that is nadir-pointing (< 5◦) with a ground-sampling distance of 3.125 m [18]. The

surface-reflectance image from PlanetScope Ortho Tiles has radiometric and sensor corrections

applied to the data. Each image is orthorectified and projected to Universal Transverse Merca-

tor (UTM) Zone 13N. To retrieve the imagery from Planet, the following steps are completed: 1)

project the study-area shapefile to Planet’s preferred coordinate reference (UTM Zone 13N, WGS

1984), 2) convert the study-area shapefile to geojson format using geojson.io, and 3) then send a

download request through an API platform called Postman. The normalized difference vegetation
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Table 4.1: Input data from weather station to compute tall-reference evapotranspiration (ETrs = ETsz).
All variables were computed using the ASCE-EWRI Task Committee Report (2005).

Variable Name Units Reference
Numerator constant (Cn) Kmms3Mg−1d−1 Table 1

Denominator constant (Cd) sm−1 Table 1
Mean air temperature (T ) ◦C Eqn. 2

Atmos. pressure (P ) kPa Eqn. 3
Psychrometric constant (γ) kPa◦C−1 Eqn. 4

Slope of saturation vapor press.-temp. curve (∆) kPa◦C−1 Eqn. 5
Net radiation at the crop surface (Rn) MJm−2d−1 Eqn. 15

Saturation vapor pressure (es) kPa Eqn. 6
Actual vapor pressure (ea) kPa Eqn. 11

Incoming solar radiation (Rs) MJm−2d−1 Measured
Net short-wave radiation (Rns) MJm−2d−1 Eqn. 16
Net long-wave radiation (Rnl) MJm−2d−1 Eqn. 17
Clear-sky solar radiation (Rso) MJm−2d−1 Eqn. 19
Extraterrestrial radiation (Ra) MJm−2d−1 Eqn. 21

Soil heat-flux density (G) MJm−2d−1 Eqn. 30
Wind speed (u2) ms−1 Eqn. 33

index (NDVI) is computed for each image using the well-known ratio of near-infrared and red re-

flectances shown in Equation 4.2. The NDVI product has been validated for usage on groundwater

dependent ecosystems [91].

NDV I =
NIR−Red

NIR +Red
(4.2)

4.2.4 Sampling Locations

Figure 4.3 displays 12 groundwater wells, lysimeter location, and each sampling location to

sample NDVI on the day of satellite overpass. Each sampling area is 529 m2 to capture > 50

image pixels to describe a single plant functional group. Prior field experience, latest National

Agriculture Imagery Program imagery, and peak-season NDVI are all used to ensure that each

quadrat included one PFG where possible.

Planet Imagery satellites are known as CubeSats, which are new to the ecohydrologic research

community [18]. These satellites are ultrahigh resolution and offer the ability to gain new in-

sight on ecohydrological systems and processes but need to be ground-truthed before being used
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Figure 4.3: Location map for all 12 groundwater monitoring wells, small-weighing lysimeter, and the
corresponding vegetation sampling location.

to make inference. Therefore, Planet NDVI is compared to mass-based evapotranspiration to in-

crease confidence in using the product as a proxy for natural ecosystem evapotranspiration. The

CSU Arkansas Valley Research Center has two precision weighing lysimeters that were in opera-
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tion during the study period [62]. Data from the small-weighing lysimeter is used in this analysis

because the crop was consistently grass plantings during the study period. The daily lysimeter data

includes estimations of evapotranspiration (ETc) and a list of observed events (e.g., rain, irriga-

tion, snow, lysimeter drain). Data was filtered from the small-weighing lysimeter by removing all

data from the 2018 growing season, after the second cutting (i.e., harvest) each growing season,

removing one week of data after the first cutting of each growing season, and removing days when

a non-standard event occurred. There is agreement between Planet NDVI and lysimeter ETc as

shown in Figure 4.4. Reduced correlation could be due to the fact that NDVI only accounts for the

transpiration portion of ET. This strict mass-based measurement of ETc validates the use of Planet

NDVI as a proxy for plant water use in the study area.
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Figure 4.4: Linear regression between daily (left) and monthly (right) Planet NDVI and ETc from the small-
weighing lysimeter.

4.2.5 Prediction: Asymptotic Functions Are More Predictive Than Linear

The data is prepared on a daily and monthly time scale for the regression analysis. Daily

standardized evapotranspiration (ETsz) and grass-reference evapotranspiration (ETo) is converted
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to a ratio by dividing both daily values on each day of the temporal domain of the study. Daily

values are summed for each month, for each variable (ETsz and ETo), and divided to create a

monthly ratio of water use. The 15-minute values of hydraulic head are converted to daily values

(meters above sea level) by computing the arithmetic average of all values on a given day. The

same process to generate daily values of hydraulic head (Hmasl) is used to compute monthly values.

Figure 4.5 displays the non-linear relationship between ET and groundwater on a daily and monthly

time scale for three plant funcational groups. Figure 4.6 displays a similar non-linear relationship,

from a biophysical perspective, between NDVI and groundwater on a daily and monthly time scale.

The data shown in Figure 4.5 is used as direct input into the regression analysis designed to derive

the function of best fit.

The regression analysis is explained by discussing key details of the model setup for the three

models (control, asymptote, and change point, as shown in Table 4.2) and how the models are

scored. Appendix B shows the model posterior distribution for all three models (Section B.1)

and the full conditional statements for all model variables (Section B.2). All models are non-

hierarchical which assumes that measurements of evapotranspiration are made without error. A

custom Markov chain Monte Carlo (MCMC) sampler is created for the models shown in Table 4.2

following the six general steps outlined by Hobbs and Hooten (2015) [89]. Each model in Table

4.2 has an intercept and groundwater head is the only covariate. The covariate is standardized

before being inserted into each model to speed convergence [89]. All models are tested with

simulated data (i.e., data generated with known model-parameter values) to confirm that each

algorithm is capable of reproducing known model variables [132]. All starting values for each

model are obtained from point estimates by computing summary statistics on the data. The number

of iterations in each MCMC simulation is k = 100, 000 with a burn-in period of 20, 000. Model

convergence is confirmed through visual inspection of trace plots. Mean square prediction error

(MSPE) is used as a score function for each model (Equation 4.3 and 4.4) where ŷi is the model

prediction of the ith observation in the dataset. Low values of MSPE indicate increased predictive

ability [89].
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Figure 4.5: Observations of non-linear behavior in the groundwater-ET relationship at observation well B3
(shrub,saltcedar), C1 (phreatophyte, cottonwood), and C4 (grass, prairie grass) on a daily and monthly time
scale.
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Figure 4.6: Observations of non-linear behavior in the groundwater-NDVI relationship at observation well
B3, C1, and C4 on a daily (top) and monthly (bottom) time scale.

ŷi =

∑K
k=1 g(x)(k)

K
(4.3)

MSPE =

∑N
i=1(yi − ŷi)

2

N
(4.4)

4.2.6 Prior Information

Objective prior information on model variables was used with a few exceptions. Each model

begins with a normal distribution to portray the response variable where yi represents the ith ob-

servation of ETsz/ETo from i = 1, ..., N = 820 for the daily analysis and i = 1, ..., N = 27 for

the monthly analysis.
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The control model is a classic linear regression model in a Bayesian setting with only one

covariate (xi,1) which is standardized groundwater head at the ith observation. The control model

is a fully Gibbs MCMC algorithm [79]. For the control model: β0 is a normal scalar regression

coefficient for the intercept with a mean of µβ0 and variance of σ2
β0

, β1 is a normal scalar regression

coefficient for the groundwater-head covariate with a mean of µβ1 and variance of σ2
β1

, and the

process variance, σ2
y , is represented with an inverse gamma distribution with a shape of qy and

scale of ry.

The asymptote model is a hybrid Gibbs and Metropolis-Hastings algorithm and the function

form is based on the Michaelis-Menten equation which was originally developed to model enzyme-

catalysed chemical reactions [89, 133]. This formulation is used because the model variables are

easy to interpret in a ecohydrological context as opposed to a negative exponential equation. For the

asymptote model: the vmax variable is a scalar defined as the maximum value of the independent

variable with a prior mean (µv) of 0.75 and a vague variance (σ2
v) which is informed by a study of

riparian ET along the Platte River in Nebraska [13], the a variable is a scalar defined as the rate

of change in ETsz/ETo at deeper values of groundwater head with a prior mean (µa) and variance

(σ2
a), the c variable is a scalar that acts as a horizontal shift (i.e., transformation) with a mean (µc)

and variance (σ2
c ), and the process variance, σ2

y , is represented by an inverse gamma distribution

with a shape of qy and scale of ry. All tuning variables (σ2
v,tune, σ

2
a,tune, σ

2
c,tune) are iteratively

determined to achieve an acceptance percentage of 10-60% with each Metropolis-Hastings sample.

The change point model is non-linear but the formulation is a combination of two linear func-

tions with a threshold value to indicate when vegetation transitions from dormant to actively grow-

ing. The change point model is a fully Gibbs MCMC algorithm. The xi,1 is standardized ground-

water head at the ith observation and xi,2 is an indicator variable that is 0 if xi,1 ≤ cp and 1 if

xi,1 > cp. For the change point model: the cp variable is a scalar that represents a change in

ecological state (i.e., end of dormancy) that happens in April-May [25,59] and is represented with

a prior mean of µcp and a variance σ2
cp, there is no literature supporting values of the intercept (β0)

so the variable has a sufficiently vague prior mean (µβ0) and variance (σ2
β0

), β1 is a normal scalar
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regression coefficient for the groundwater-head covariate that represents the rate between ET and

groundwater head prior to the change in ecological state with mean of µβ1 and a variance of σ2
β1

,

β2 is a normal scalar regression coefficient for the groundwater-head covariate that represents the

rate between ET and groundwater head after the change in ecological state with mean of µβ2 and

variance of σ2
β2

, the prior means of the rates (β1 and β2) are informed with positive slopes follow-

ing several studies [50,114,115], and the process variance, σ2
y , is represented by an inverse gamma

distribution with a shape of qy and scale of ry.

Table 4.2: A summary of the models used in this study. The symbol ∼ implies two sides of an equation are
proportional to each other. The probability distribution abbreviations are as follows: normal-Gaussian (N),
and inverse gamma (IG).

Control Asymptote Change Point
yi ∼ N(g(x)i, σ

2
y) yi ∼ N(g(x)i, σ

2
y) yi ∼ N(g(x)i, σ

2
y)

g(x)i = β0 + β1xi,1 g(x)i =
vmax×(xi+c)
vmax

a
+(xi+c) g(x)i = β0 + β1xi,1 + β2(xi,1 − cp)xi,2

β0 ∼ N(µβ0 , σ
2
β0
) a ∼ N(µa, σ

2
a ) β0 ∼ N(µβ0 , σ

2
β0
)

β1 ∼ N(µβ1 , σ
2
β1
) vmax ∼ N(µv, σ

2
v) β1 ∼ N(µβ1 , σ

2
β1
)

σ2
y ∼ IG(qy, ry) c ∼ N(µc, σ

2
c ) β2 ∼ N(µβ2 , σ

2
β2
)

− σ2
y ∼ IG(qy, ry) cp ∼ N(µcp, σ

2
cp)

− − σ2
y ∼ IG(qy, ry)

4.3 Results and Discussion

Out of 12 well locations, the results focus on well B3 (shrub), C1 (phreatophyte), and C4

(prairie grass) because each site contains a homogeneous distribution of a singular plant functional

group. Additionally, the shrub site contains an invasive species called tamarisk (Tamarix spp.,

aka saltcedar) and the water use patterns of tamarisk are of particular interest in Colorado and

the western United states [70]. The extensive root systems of phreatophytes, making them largely

dependent on groundwater to satisfy water use requirements [28], provide a cross-comparison with

shallow-rooted grasses.
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4.3.1 Prediction: Asymptotic Functions Are More Predictive Than Linear

The predictive ability of the asymptote function is useful in groundwater-dependent ecosys-

tems. Table 4.3 validates the hypothesis by indicating that the asymptote model is more predictive

than the control and change point models but it depends on plant functional group and tempo-

ral scale. Based on MSPE scores, the asymptote model is more predictive than the control and the

change point models on a daily and monthly time scale for the shrub PFG. The change point model

is most predictive for the phreatophyte PFG. The control model is equally predictive as the change

point model and more predictive than the asymptote model on a daily and monthly time scale for

the grass PFG. Figure 4.7 shows how each model fits the within-sample, daily and monthly dataset

for three plant functional groups.

Exponential functions are not tested in this analysis because the model parameters are less in-

terpretable than the Michaelis-Menten formulation of the asymptotic function. However, research

shows that exponential curves between evapotranspiration and groundwater are highly predictive.

For example, Sanderson and Cooper (2008) derived an exponential curve between evapotranspi-

ration as a function of groundwater depth for a grassland ecosystem in an intermountain basin on

an annual time scale [125]. Yue et al. (2016) derived an exponential curve between a daily ratio

of actual evapotranspiration and potential evapotranspiration against groundwater depth along a

riparian corridor of the Platte River in Nebraska [13]. Nichols (1994) found exponential curvature

between evapotranspiration and groundwater for separate distributions of phreatophyte shrubs in

Nevada [119].

There is limited use of the Michaelis-Menten version of the asymptotic function in groundwater

dependent ecosystem modeling. The Michaelis-Menten formulation of the asymptotic function

contains variables with ecohydrologic meaning that are easily interpreted. For example, Figure 4.8

provides the derived distributions for each model parameter of the asymptote model for three plant

functional groups. The mean of variable a, defined as the rate of change in ETsz/ETo at deeper

values of groundwater depth, is approximately 1.9 (11.5 with an non-standardized covariate) for

the shrub PFG. The vmax variable represents the maximum value of ETsz/ETo as groundwater
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Table 4.3: A summary of the mean squared prediction error for each model.

Well Model Type Data MSPE Score
Control Within Daily 0.02193228

B3 Asymptote Within Daily 0.02092503

Change Point Within Daily 0.02110829
Control Within Monthly 0.007064935

B3 Asymptote Within Monthly 0.005541293

Change Point Within Monthly 0.005770637
Control OOS Daily 0.02601304

B3 Asymptote OOS Daily 0.02859786
Change Point OOS Daily 0.02715694

Control OOS Monthly 0.006847198
B3 Asymptote OOS Monthly 0.006036566

Change Point OOS Monthly 0.007006253
Control Within Daily 0.02242433

C1 Asymptote Within Daily 0.02247720
Change Point Within Daily 0.02212230

Control Within Monthly 0.007450628
C1 Asymptote Within Monthly 0.008678233

Change Point Within Monthly 0.007032987

Control OOS Daily 0.02630727

C1 Asymptote OOS Daily 0.02769865
Change Point OOS Daily 0.02707440

Control OOS Monthly 0.006037918
C1 Asymptote OOS Monthly 0.005115459

Change Point OOS Monthly 0.004834255

Control Within Daily 0.02327867

C4 Asymptote Within Daily 0.02413068
Change Point Within Daily 0.02327370

Control Within Monthly 0.008220368

C4 Asymptote Within Monthly 0.009892227
Change Point Within Monthly 0.008219834

Control OOS Daily 0.02663727

C4 Asymptote OOS Daily 0.02756272
Change Point OOS Daily 0.02676222

Control OOS Monthly 0.011126124

C4 Asymptote OOS Monthly 0.012295470
Change Point OOS Monthly 0.012825395

head approaches the land surface. Specifically, this groundwater dependent ecosystem is capable

of evapotranspiring at 75% of the potential limit as groundwater depth approaches the land surface.
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Figure 4.7: Daily (left) and monthly (right) data overlaid by the posterior mean prediction of yi using the
control (red), asymptote (blue), and change point (green) functions plotted as lines.
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Although, this assertion deserves further testing using weather station data collected within other

vegetation types. The c variable represents the depth of groundwater at which the growth increment

of ETsz/ETo is zero. The mean value of c is 1.58 and the non-standardized value is 1256.675 masl

which is the elevation of the water table required to instantiate growth of tamarisk next to the

Arkansas River; though this variable is spatially dependent. The mean of the posterior distribution

for the variance component is 0.021 which represents the error in estimating ETsz/ETo using an

asymptotic function and groundwater head as the sole covariate.

There is a vast amount of literature that supports linear and change point models applied in

groundwater modeling. However, a large amount of research has analyzed the groundwater-ET

relationship using satellite imagery with a coarse temporal scale of analysis and thus makes it dif-

ficult to compare to this high-resolution study. Figure 4.9 provides the posterior distributions for

the change point model parameters. The β1, β2, and cp parameters have ecohydrological inter-

pretation. Both rates, β1 and β2, are positive for the shrub and phreatophyte PFG which indicates

that as the water table approaches the land surface then evapotranspiration increases. Similar to the

asymptote model, the slope of the line between evapotranspiration and groundwater head is steeper

during the dormant season for the shrub and phreatophyte PFG. The slope of the line during the

actively-growing season is positive but an order of magnitude smaller. The smaller slope during

the actively-growing season indicates that increases in groundwater head (i.e., shallowing) result in

smaller increases in evapotranspiration compared to the dormant season. The change point param-

eter marks the level of groundwater head at which tamarisk changes ecological state from dormant

to actively growing. The posterior mean of the cp parameter is 0.3 and the non-standardized value

is 1256.925 masl for the shrub PFG. The grass PFG, as shown in Figure 4.7, did not require a

change point parameter to model the ET-groundwater process which is why β2 overlaps zero in

Figure 4.8 and Table 4.3 indicates and equal predictive score bewteen the change point and control

models. The mean of the posterior distribution for the variance component is 0.021 which repre-

sents the error in estimating ETsz/ETo using a change point function and groundwater head as the

sole covariate.
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Figure 4.8: Marginal posterior distributions for the asymptote model applied to wells B3 (red), C1 (green),
and C4 (blue). Priors for each parameter are shown dashed-black lines.

4.4 Conclusion

A Bayesian framework was used to derive and test which function form best fits the relationship

between evapotranspiration and groundwater head at the point scale. The answer to the hypothesis

is partially confirmed. The asymptote model is more predictive, based on MSPE scores, but it

depends on PFG. The control model and the change point model had relatively equal MSPE scores

for the grass PFG. The resulting MSPE scores of the asymptote model, with added model param-

eter interpretability, will be useful in future GDE research that compares GDE processes along

a climatic gradient. Additionally, the asymptote function could be incorporated into a spatially

distributed groundwater modeling scheme to test the performance against linear functions.
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Figure 4.9: Marginal posterior distributions for the change point model applied to wells B3 (red), C1
(green), and C4 (blue). Priors for each parameter are shown solid black lines.
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Chapter 5

General Conclusions

After the general introduction, the socio-hydrologic connections with a groundwater depen-

dent ecosystem were examined using: a) output from a calibrated numerical model and a validated

remote-sensing based evapotranspiration algorithm, b) hierarchical time series and spatial statis-

tics, and c) a simple regression framework. Though each approach is independent, there is strong

utility and shared characteristics among the three applications.

All three approaches examine vegetation patterns along the Arkansas River and quantify the

connections between a riparian ecosystem and floodplain activity (e.g., agro-pastoral practices) in

southeastern Colorado. In Chapter 2, a heavily calibrated numerical model is correlated with re-

mote sensing estimates of riparian evapotranspiration to make inference on how return flows (e.g.,

groundwater depth), that have changed in timing and amount due to changing irrigation strategies,

impact riparian water use. This initial investigation led to a complimentary analysis using spatial

and temporal statistics and a further investigation into the groundwater-ET relationship. In Chap-

ter 3, hierarchical time series and spatial statistics are used to connect NDVI, a proxy for riparian

ET, to socio-hydrologic covariates while acknowledging autocorrelation. The time series and spa-

tial statistics approach is easily repeatable and has application in data-rich and data-sparse water-

sheds. Chapter 4 is a simplistic and useful test of well-known theory in groundwater modeling: as

groundwater depth decreases then evapotranspiration increases linearly. The Bayesian regression

framework tests this theory given the implications for correctly modeling the groundwater-ET rela-

tionship in large-scale water balance studies that include GDEs as a component of the hydrosocial

cycle.
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5.1 Placement in Literature

Groundwater dependent ecosystems and linkages between an irrigated agricultural region and a

natural ecosystem are well-studied topics but still require further investigation. The three research

approaches presented here have advanced these topics and have relevance to current literature.

5.1.1 Catchment-Scale

The first approach involving MODFLOW and a remote sensing ET algorithm provided better

understanding of groundwater depth thresholds and how ET changes during wet and dry years.

Simulated estimates of groundwater depth within the riparian corridor agree well with studies in

similar climates with similar vegetation type [19,134,135]. The relationship between groundwater

depth and ET that changes slope beyond a given depth has relevance to deterministic functions

used for groundwater-ET relationships in groundwater modeling schemes [37, 50, 115]. Remote

sensing based estimates of riparian ET in Chapter 2 are higher than normally reported in literature

for semi-arid climates [46], but the result regarding higher riparian ET in drier periods, owing to

groundwater dependence to overcome water deficit, has been quantified in other riparian vegeta-

tion patches [9]. These results can be used to identify management focus areas where vegetation

is sensitive to changes in groundwater levels. The following research approach in Chapter 3 com-

plimented this analysis by examining exploratory covariates tied to agro-pastoral practices.

5.1.2 Space and Time Statistics

The second approach started with a time series analysis that derived trend, autocorrelation,

and the strength of the connections between a riparian GDE and hydro-social variables. Temporal

dependence, in the form of an AR(1) model, is accounted for in the time series to aid in under-

standing the impact of explanatory covariates [136]. Without the AR component, inference on the

hydrological covariates would be optimistic [137]. At the chosen spatial scale of analysis, tempo-

ral trend was not identifiable at seven of eight subregions. Although, trend analysis in a similar

climate with similar vegetation type found statistically significant downward trends of annual ri-
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parian NDVI along the San Pedro River in Arizona [85]. Recent studies have used the Theil–Sen

median trend analysis and the Mann–Kendall trend test [12,24,138]. The model I presented quan-

tifies autoregressive behavior and monthly trend simultaneously and is easily repeatable in other

data sparse and data rich regions. Zhu et al. (2021) analyzed the trend in gross primary production,

temperature, precipitation and SPEI for eight vegetation regions in China. They used the Theil-Sen

and the Mann-Kendall methods to quantify trend and removed lag-1 autocorrelation before using

both methods on each time series. They noted that lag-1 serial correlation may overestimate the

probability of detecting a significant trend [138]. Pei et al. (2019) analyzed NDVI time series from

grassland sites in Inner Mongolia (CN) from 1982-2015 [139]. Additionally, in agreement with

the time series approach in Chapter 3, Pei et al. (2019) found higher correlations between NDVI

and climatic factors during within-growing season (April to October) analysis and concluded that

NDVI was sensitive to climate factors with zero lag and with one-month lag but it depended on

grassland type.

Spatial statistics can be used to analyze plant populations and make inference and hypotheses.

Floodplain activity such as pastoral practices [140], cities and townships, and agriculture [24] have

all been linked to riparian ecosystem changes. The conditional autoregressive model used in the

spatial statistics part of the second approach addresses spatial correlation within each subregion

while testing for linkages between floodplain activity and riparian vegetation density. Autocor-

relation is included in the spatial statistics approach, much like the temporal approach, because

accounting for autocorrelation (i.e., similarity among close locations) helps clarify the effect of dif-

ferent explanatory variables which improves inference [136, 141]. The conditional autoregressive

model, like the one used in Chapter 3, is often used in vegetation prediction models used to quan-

tify vegetation abundance across a landscape [136]. The impact of agriculture, or a disturbance, on

riparian vegetation density has been reported in literature. Vanderhoof et al. (2019) documented

decreases in peak-season riparian wetness, likely due to irrigation methodology change, in the up-

per Missouri headwaters [24]. Albano et al. (2020) found negative temporal trends in dryland

riparian vegetation bordering low-intensity agriculture in Nevada [12]. These findings are used to
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create hypotheses about the connection between floodplain activity and riparian ecosystems and

the spatial statistics revealed that vegetation density was reduced in riparian corridors that neighbor

permanent irrigated land dry-up. Like in the spatial statistics approach in Chapter 3, the useful-

ness of categorical predictor variables is common in literature. Harner and Stanford (2003) used

multiple regression with indicator variables to determine the effects of gaining and losing streams

on cottonwood growth and age in Montana [142]. These results can be used to sustain GDEs in

Colorado and other western states that have similar ecosystems under anthropogenic pressures.

5.1.3 Point-Scale

The third approach that uses a regression methodology on the groundwater-ET relationship has

many linkages to research in GDEs and groundwater modeling. Based on the simulated findings

from Chapter 2, further investigating the groundwater-ET relationship with point-scale observa-

tions was of interest. In general, the findings from Chapter 4 suggest that the process between

groundwater and ET is curvi-linear but depends on plant functional group. This finding has been

observed in other point-scale studies of riparian vegetation in Nebraska on a daily basis [13] and

in herbaceous wetlands in an arid basin of Colorado on an annual basis [125]. Asymptotic func-

tions are not commonly used in ecohydrology but several studies have reported a linear change

point [71] and linear relationship [7, 14] between groundwater and ET. Although, asymptotic-like

relationships have been found between NDVI and groundwater in a semi-arid region of China but

depended on vegetation type [7]. The findings that support the use of linear and change point linear

models have relevance in groundwater modeling studies [37, 115].

5.2 Placement in Broader Context

More broadly, this research fits in with recent literature surrounding critical zone areas that are

connected to Endangered Rivers [2]. Groundwater-dependent ecosystems can provide numerous

ecosystem services and mark the presence of water resources. Timing is tantamount in sustaining

these ecosystems in the face of resource demand and climate change. Advancement of computing
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capabilities, sensor networks, and remote-sensing platforms are creating an exciting future for

GDE assessment and monitoring. Going forward, a scale-enlightened synergistic application of

mass-based (i.e., numerical models) and energy-based remote sensing applications will be critical

to sustaining groundwater dependent ecosystems.
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Appendix A

Chapter 3: Supplementary Material

A.1 Model Posteriors

A.1.1 Posterior for Model 1

[β, σ2|yt] ∝

(
T∏

t=1

[yt|β, σ
2]

)
[σ2][β] (A.1)

A.1.2 Posterior for Model 2

[β, α, σ2
y , σ

2
z , zt|yt] ∝
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T∏

t=1

[yt|β, zt, σ
2
y ][zt|α, zt−1, σ

2
z ]

)
[σ2

z ][σ
2
y ][β][z0][α] (A.2)

A.1.3 Posterior for Model 3

[ρ,β,ηd, σ
2
d , σ

2
ηd
|yd] ∝
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[yd|β,ηd, σ
2
d ][ηd|ρ, σ

2
ηd
]

)
[σ2

ηd
][σ2

d ][β][ηd][ρ] (A.3)

A.2 Full Conditional Statements

A.2.1 Model 1

For the vector of regression coefficients β:

[β|·] ∝

(
T∏

t=1

[yt|x
′

tβ, σ
2]

)
[β] (A.4)

Complete the square and combine like terms to get a multivariate normal distribution with the

following hyperparameters:

b′ ≡
∑(

y′

t(σ
2)−1xt

)
+ µ′

β(Σβ)
−1 (A.5)
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A ≡
∑(

x′

t(σ
2)−1xt

)
+ (Σβ)

−1 (A.6)

For the independent and identically-distributed error variance σ2:

[σ2|·] ∝

(
T∏

t=1

[yt|x
′

tβ, σ
2]

)
[σ2] (A.7)

Combine like terms and simplify to get an Inverse Gamma distribution with the following

hyperparameters:

[σ2|·] ∝ (σ2)−(q̃y+1)exp

(
−1

σ2

1

r̃y

)
(A.8)

q̃y ≡
T

2
+ qy (A.9)

r̃y ≡

(∑T
t=1(yt − x′

tβ)
′(yt − x′

tβ)

2
+

1

ry

)
−1

(A.10)

A.2.2 Model 2

The full conditional statements are presented when the data are observed. The time series

model is similar to the spatial model but different in a few key ways. The time series model is

applied to each subregion separately (e.g., running the model once for each subregion) in a divide-

and-conquer approach.

For the autocorrelated error component zt at time t:

[zt|·] ∝

(
T∏

t=1

[yt|x
′

tβ, zt, σ
2
y ][zt|α, zt−1, σ

2
z ][zt+1|α, zt, σ

2
z ]

)
(A.11)

Complete the square and combine like terms to get a normal distribution with the following

hyperparameters:
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For the regression coefficients β:

[β|·] ∝

(
T∏

t=1

[yt|x
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tβ, zt, σ
2
y ]

)
[β] (A.14)

Complete the square and combine like terms to get a multivariate normal distribution with the

following hyperparameters:
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t

)
+ µ′

β(Σβ)
−1 (A.15)

A ≡
∑(

x′

t(σ
2
y)

−1xt

)
+ (Σβ)

−1 (A.16)

For the autocorrelation coefficient of order one α1:

[α|·] ∝

(
T∏

t=1

[zt|αzt−1, σ
2
z ]

)
[α] (A.17)

Complete the square and combine like terms to get a normal distribution with the following

hyperparameters:

b′ ≡
∑(

z′t(σ
2
z)

−1zt−1

)
+ µ′

α(σ
2
α)

−1 (A.18)

A ≡
∑(

z′t−1(σ
2
z)

−1zt−1

)
+ (σ2

α)
−1 (A.19)

For the independent and identically distributed variance σ2
y:
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[σ2
y|·] ∝

(
T∏

t=1

[yt|x
′

tβ, zt, σ
2
y ]

)
[σ2

y ] (A.20)

Combine like terms and simplify to get an Inverse Gamma distribution with the following

hyperparameters:

q̃y ≡
T −NAs

2
+ qy (A.21)

r̃y ≡

(∑T
t=1(yt − x′

tβ − zt)′(yt − x′

tβ − zt)
2

+
1

ry

)
−1

(A.22)

For the AR(1) variance σ2
z :

[σ2
z |·] ∝

(
T∏

t=1

[zt|α, zt−1, zt, σ
2
z ]

)
[σ2

z ] (A.23)

Combine like terms and simplify to get an Inverse Gamma distribution with the following

hyperparameters:

q̃z ≡
T − 1

2
+ qz (A.24)

r̃z ≡

(∑T
t=1(zt − αzt−1)

′(zt − αzt−1)

2
+

1

rz

)
−1

(A.25)

For the autocorrelated error component zt at time T :

[zT |·] ∝ [yT |xT ,β, zT , σ
2
y ][zT |αzT−1, σ

2
z ] (A.26)

Complete the square and combine like terms to get a normal distribution with the following

hyperparameters:

b′ ≡ (yT − x′

Tβ)
′(σ2

y)
−1 + αzT−1(σ

2
z)

−1 (A.27)
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A ≡ (σ2
y)

−1 + (σ2
z)

−1 (A.28)

For the autocorrelated error component zt at the initial state:

[z0|·] ∝ [z1|α, z0, σ
2
z ][z0] (A.29)

Complete the square and combine like terms to get a normal distribution with the following

hyperparameters:

b′ ≡ z′1(σ
2
z)

−1α + µ′

z0
(σ2

z0
)−1 (A.30)

A ≡ α′(σ2
z)

−1α + (σ2
z0
)−1 (A.31)

A.2.3 Model 3

The spatial regression model is a Gaussian process model in a hierarchical Bayesian frame-

work. The spatial model is different from the time series model because the model only requires

one simulation to examine the differences at all subregions as opposed to a divide-and-conquer ap-

proach. The setup assumes independence at each subregion and the delineation for each subregion

is governed by the rainfall runoff model.

For the spatially-correlated error component ηd sampled per subregion:

[ηd|·] ∝

(
Nd∏

n=1

[yd|Xdβ,ηd, σ
2
d][ηd|Σ(σ2

ηd
, ρ)]

)
(A.32)

Complete the square and combine like terms to get a multivariate normal distribution with the

following hyperparameters:

b′ ≡
∑(

(yd − X′

dβ)
′(σ2

d)
−1
)
+ µ′

ηΣ(σ2
ηd
, ρ)−1 (A.33)
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A ≡
∑(

(σ2
dI)

−1 +Σ(σ2
ηd
, ρ)−1

)
(A.34)

For the regression coefficient vector β sampled across all subregions:

[β|·] ∝

(
D∏

d=1

[yd|Xdβ,ηd, σ
2
d]

)
[β] (A.35)

Complete the square and combine like terms to get a multivariate normal distribution with the

following hyperparameters:

b′ ≡
∑(

(yd − ηd)
′(σ2

d)
−1Xd

)
+ µ′

βΣ
−1
β (A.36)

A ≡
∑(

X′

d(σ
2
d)

−1Xd

)
+Σ

−1
β (A.37)

For the independent and identically-distributed variance σ2
d sampled for per subregion:

[σ2
d|·] ∝

(
Nd∏

n=1

[yd|X
′

dβ,ηd, σ
2
d]

)
[σ2

d] (A.38)

Combine like terms to simplify:

[σ2
d|·] ∝ (σ2

d)
−(q̃d+1)exp

(
−1

σ2
d

1

r̃d

)
(A.39)

To get an Inverse Gamma distribution with the following hyperparameters:

q̃d ≡
nd

2
+ qd (A.40)

r̃d ≡

(∑Nd

n=1(yd − X′

dβ − ηd)
′(yd − X′

dβ − ηd)

2
+

1

rd

)
−1

(A.41)

For the spatially-correlated variance component σ2
ηd

sampled per subregion:
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[σ2
ηd
|·] ∝

(
Nd∏

n=1

[ηd|Σ(σ2
ηd
, ρ)−1]

)
[σ2

ηd
] (A.42)

Combine like terms to simplify:

[σ2
ηd
|·] ∝ (σ2

ηd
)−(q̃η+1)exp

(
−1

σ2
ηd

1

r̃d

)
(A.43)

To get an Inverse Gamma distribution with the following hyperparameters:

q̃η ≡
nη

2
+ qη (A.44)

r̃η ≡

(∑Nd

n=1(ηd − µη)
′(R(ρ))−1(ηd − µη)

2
+

1

rη

)
−1

(A.45)

For the spatial correlation coefficient ρ (similar to α in the time series analysis) sampled across

all subregions:

[ρ|·] ∝

(
D∏

d=1

[ηd|Σ(σ2
ηd
, ρ)−1]

)
[ρ] (A.46)

which is not conjugate so an M-H (Metropolis-Hastings) update is required by sampling ρ∗

from the prior as a proposal and using the M-H ratio:

mh =
[ηd|Σ(σ

2(k)
ηd , ρ∗)−1]

[ηd|Σ(σ
2(k)
ηd , ρk−1)−1]

(A.47)

A.3 Tables
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Table A.1: A summary of the groundwater observation stations used in this study. All groundwater obser-
vations are measured by USGS. The station IDs are defined by CO-DWR.

Subregion USGS ID Lat/Long Record Dist. to River
1 380443102555200 38.08◦, -102.93◦ 09/1958 - 11/2018 800 m
2 380450102464200 38.08◦, -102.78◦ 10/1963 - 11/2018 1200 m
3 380450102384000 38.08◦, -102.65◦ 08/1965 - 11/2018 2500 m
4 380648102342900 38.11◦, -102.58◦ 10/1953 - 11/2018 70 m
5 380651102285900 38.11◦, -102.48◦ 04/1964 - 11/2018 250 m
6 380654102245602 38.11◦, -102.42◦ 01/1967 - 11/2018 975 m
7 380553102183800 38.10◦, -102.31◦ 04/1964 - 11/2018 215 m
8 380418102112700 38.07◦, -102.19◦ 06/1965 - 11/2018 3000 m
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Table A.2: A summary of confluences with the main stem of the Arkansas River. Limestone Creek and
Graveyard Creek are currently monitored by Colorado Division of Water Resource (DWR) with records that
begin 02/2017 and 10/2016, respectively; Big Sandy Creek and Wild Horse Creek are currently monitored
by USGS with records that begin in 01/1999 and 03/1999, respectively. Based on the USGS topographical
map, Buffalo Creek and Two Butte Creek are both considered to be an intermittent wash. On CDSS’s
Map Viewer, West Prowers Arroyo is also named Levere Ditch and East Prowers Arroyo is named Lubers
Drainage Ditch. Keesee and Fort Bent canals are augmented which impact subregion two. Keesee, Fort
Bent and Amity canals are augmented which impact subregion three. Lamar and X-Y Graham canals are
augmented which impact subregion five and six. Sisson-Stubbs canal is augmented which impacts subregion
eight. Subregion three is impacted by pastoral practices. Subregion four is impacted by the city of Lamar.
Subregion seven and eight are impacted by the city of Granada and Holly, respectively. Subregion six is
impacted by storage ponds adjacent to a percentage of the riparian area.

Stream Name Lat/Long Dist. (km) Stream Type
Caddoa Creek 38.08◦, -102.90◦ 94.8 Intermittent

Limestone Creek 38.08◦, -102.86◦ 88.7 Intermittent
Mud Creek 38.08◦, -102.84◦ 86.5 Perennial

Graveyard Creek 38.09◦, -102.79◦ 80.9 Intermittent
Clay Creek 38.10◦, -102.53◦ 51.5 Intermittent

Big Sandy Creek 38.11◦, -102.48◦ 45.3 Perennial
Cottonwood Creek 38.11◦, -102.39◦ 35.0 Intermittent

Boggs Creek 38.11◦, -102.37◦ 34.0 Intermittent
Wolf Creek 38.09◦, -102.31◦ 27.2 Intermittent

Buffalo Creek 38.09◦, -102.29◦ 25.1 Intermittent
Wild Horse Creek 38.05◦, -102.13◦ 8.7 Perennial
Two Butte Creek 38.04◦, -102.13◦ 7.9 Intermittent
Cheyenne Creek 38.03◦, -102.05◦ 0.35 Intermittent

West Prowers Arroyo 38.08◦, -102.92◦ 96.6 Ephemeral
East Prowers Arroyo 38.09◦, -102.88◦ 91.5 Ephemeral

McClave Drainage Ditch 38.09◦, -102.82◦ 83.9 NA
Riverview Ditch 38.10◦, -102.73◦ 75.2 NA

Wiley Drainage Ditch 38.10◦, -102.70◦ 71.9 NA
Markham Arroyo 38.11◦, -102.58◦ 58.1 Ephemeral

Fort Lyon 38.01◦, -103.59◦ NA Canal
Fort Bent 38.08◦, -102.86◦ 89.7 Canal
Keesee 38.08◦, -102.86◦ 89.7 Canal
Amity 38.09◦, -102.76◦ 78.2 Canal
Lamar 38.11◦, -102.64◦ 64.7 Canal
Hyde 38.11◦, -102.61◦ 61.7 Canal

Manvel 38.10◦, -102.49◦ 47.3 Canal
X-Y Graham 38.10◦, -102.43◦ 39.2 Canal

Buffalo 38.10◦, -102.33◦ 29.1 Canal
Sisson-Stubbs 38.05◦, -102.22◦ 16.6 Canal
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Table A.3: A summary of the canals used in this study. The asterisk next to Fort Lyon, Lamar, Amity, and
Fort Bent canals indicate that each canal has seasonally-augmented flows but still divert water for surface
irrigation. The River Distance statistic is recorded from CDSS and converted to kilometers.

Name Dist. (km) Record Augment? Subregion
Fort Lyon NA 11/1910-pres Yes∗ 1 and 2
Fort Bent 89.7 11/1938-pres Yes∗ 2 and 3
Keesee 89.7 11/1938-03/2003 Yes 2 and 3
Amity 78.2 11/1938-pres Yes∗ 3, 7 and 8
Lamar 64.7 11/1938-pres Yes∗ 4 and 5
Hyde 61.7 11/1938-pres No 4

Manvel 47.3 11/1938-9/1993 Yes 5
X-Y Graham 39.2 8/1939-12/1995 Yes 6 and 7

Buffalo 29.1 11/1938-pres No 7 and 8
Sisson-Stubbs 16.6 7/1948-10/1982 Yes 8
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Appendix B

Chapter 4: Supplementary Material

B.1 Model Posteriors

B.1.1 Control Model Posterior

[β0, β1, σ
2
y|yi] ∝

(
N∏

n=i

[yi|β0, β1, σ
2
y ]

)
[σ2

y ][β0][β1] (B.1)

B.1.2 Asymptote Model Posterior

[a, vmax, c, σ
2
y|yi] ∝

(
N∏

n=i

[yi|a, c, vmax, σ
2
y ]

)
[σ2

y ][a][c][vmax] (B.2)

B.1.3 Change Point Model Posterior

[β0, β1, β2, cp, σ
2
y|yi] ∝

(
N∏

n=i

[yi|β0, β1, β2, cp, σ
2
y ]

)
[σ2

y ][β0][β1][β2][cp] (B.3)

B.2 Full Conditional Statements

B.2.1 Control Model

For the intercept regression coefficient β0:

[β0|·] ∝

(
N∏

i=1

[yt|β0, σ
2]

)
[β0] (B.4)

Complete the square and combine like terms to get a normal distribution with the following

hyperparameters:

b ≡
∑

((yi − β1xi,2)xi,1) (σ
2
y)

−1 + µβ0(σ
2
β0
)−1 (B.5)
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a ≡
∑

(xi,1)
2 (σ2

y)
−1 + (σ2

β0
)−1 (B.6)

For the slope regression coefficient β1:

[β1|·] ∝

(
N∏

i=1

[yt|β1, σ
2
y ]

)
[β1] (B.7)

Complete the square and combine like terms to get a normal distribution with the following

hyperparameters:

b ≡
∑

((yi − β0xi,1)xi,2) (σ
2
y)

−1 + µβ1(σ
2
β1
)−1 (B.8)

a ≡
∑

(xi,2)
2 (σ2

y)
−1 + (σ2

β1
)−1 (B.9)

For the independent and identically-distributed error variance σ2
y:

[σ2
y|·] ∝

(
N∏

i=1

[yi|g(x)i, σ
2
y ]

)
[σ2

y ] (B.10)

Combine like terms and simplify to get an Inverse Gamma distribution with the following

hyperparameters:

[σ2
y|·] ∝ (σ2

y)
−(q̃y+1)exp

(
−1

σ2
y

1

r̃y

)
(B.11)

q̃y ≡
N

2
+ qy (B.12)

r̃y ≡

(∑N
i=1(yi − g(x)i)

2

2
+

1

ry

)
−1

(B.13)
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B.2.2 Asymptote Model

For the vmax parameter:

[vmax|·] ∝

(
N∏

i=1

[yi|vmax, σ
2
y)]

)
[vmax] (B.14)

which is not conjugate so an M-H (Metropolis-Hastings) update is required by sampling v∗

max

from a symmetric proposal, updating f(x)(∗) = v(∗)max×(x+c)

v
(∗)
max
a

+(x+c)

, if v∗

max is negative then skip computing

the mh ratio and let v(k)
max = v(k−1)

max , otherwise compute the the M-H ratio:

mh =

[
y | f(x)(∗), σ

2,(k)
y

] [
v(∗)
max

]

[
y | f(x)(k−1), σ

2,(k)
y

] [
v(k−1)
max

] (B.15)

For the a parameter:

[a|·] ∝

(
N∏

i=1

[yi|a, σ
2
y)]

)
[a] (B.16)

which is not conjugate so an M-H (Metropolis-Hastings) update is required by sampling a∗

from a symmetric proposal, updating f(x)(∗) = vmax×(x+c)
vmax

a(∗)
+(x+c)

, if a∗ is negative then skip computing the

mh ratio and let a(k) = a(k−1), otherwise compute the the M-H ratio:

mh =

[
y | f(x)(∗), σ

2,(k)
y

] [
a(∗)
]

[
y | f(x)(k−1), σ

2,(k)
y

]
[a(k−1)]

(B.17)

For the c parameter:

[c|·] ∝

(
N∏

i=1

[yi|c, σ
2
y)]

)
[c] (B.18)

which is not conjugate so an M-H (Metropolis-Hastings) update is required by sampling c∗

from a symmetric proposal, updating f(x)(∗) = vmax×(x+c∗)
vmax

a
+(x+c∗)

and compute the the M-H ratio:
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mh =

[
y | f(x)(∗), σ

2,(k)
y

] [
c(∗)
]

[
y | f(x)(k−1), σ

2,(k)
y

]
[c(k−1)]

(B.19)

For the independent and identically-distributed error variance σ2
y:

[σ2
y|·] ∝

(
N∏

i=1

[yi|g(x)i, σ
2
y ]

)
[σ2

y ] (B.20)

Combine like terms and simplify to get an Inverse Gamma distribution with the following

hyperparameters:

[σ2
y|·] ∝ (σ2

y)
−(q̃y+1)exp

(
−1

σ2
y

1

r̃y

)
(B.21)

q̃y ≡
N

2
+ qy (B.22)

r̃y ≡

(∑N
i=1(yi − g(x)i)

2

2
+

1

ry

)
−1

(B.23)

B.2.3 Change Point Model

If the covariate vector is xi,1 and xi,2 is a dummy vector where xi,2 = 0 when xi,2 ≤ cp and 1 if

xi,2 > cp, then for the change point parameter:

[cp|·] ∝

(
N∏

i=1

[yt|cp, σ
2
y ]

)
[cp] (B.24)

Complete the square and combine like terms to get a normal distribution with the following

hyperparameters:

b ≡
∑(

(yi − β0 − β1xi,1 − β2xi,1xi,2)((−1)β2xi,2)
)
(σ2

y)
−1 + µcp(σ

2
cp)

−1 (B.25)
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a ≡
∑(

((−1)β2xi,2)
2
)
(σ2

y)
−1 + (σ2

cp)
−1 (B.26)

For the intercept regression coefficient β0:

[β0|·] ∝

(
N∏

i=1

[yi|β0, σ
2]

)
[β0] (B.27)

Complete the square and combine like terms to get a normal distribution with the following

hyperparameters:

b ≡
∑(

(yi − β1xi,1 − β2(xi,1 − cp)xi,2)
)
(σ2

y)
−1 + µβ0(σ

2
β0
)−1 (B.28)

a ≡
∑(

1
)
(σ2

y)
−1 + (σ2

β0
)−1 (B.29)

For the first slope regression coefficient β1:

[β1|·] ∝

(
N∏

i=1

[yi|β1, σ
2]

)
[β1] (B.30)

Complete the square and combine like terms to get a normal distribution with the following

hyperparameters:

b ≡
∑(

(yi − β0 − β2(xi,1 − cp)xi,2)xi,1

)
(σ2

y,1)
−1 + µβ1(σ

2
β1
)−1 (B.31)

a ≡
∑(

x2
i,1

)
(σ2

y)
−1 + (σ2

β1
)−1 (B.32)

For the second slope regression coefficient β2:

[β2|·] ∝

(
N∏

i=1

[yi|β2, σ
2]

)
[β2] (B.33)
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Complete the square and combine like terms to get a normal distribution with the following

hyperparameters:

b ≡
∑(

(yi − β0 − β1xi,1)(xi,1xi,2 − cpxi,2)
)
(σ2

y)
−1 + µβ2(σ

2
β2
)−1 (B.34)

a ≡
∑(

(xi,1xi,2 − cpxi,2)
2
)
(σ2

y)
−1 + (σ2

β2
)−1 (B.35)

For the independent and identically-distributed error variance σ2
y:

[σ2
y|·] ∝

(
N∏

i=1

[yi|g(x)i, σ
2
y ]

)
[σ2

y ] (B.36)

Combine like terms and simplify to get an Inverse Gamma distribution with the following

hyperparameters:

q̃y =
N

2
+ qy (B.37)

r̃y =

(∑N
i=1(yi − (β0 + β1x1,i + β2(x1,i − cp)x1,2))

2

2
+

1

ry

)
−1

(B.38)
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